JMIR Al

Volume 5 (2026) ISSN 2817-1705 Editors-in-Chief: Khaled EI Emam, Bradley Malin, PhD

Contents

Reviews

Exploring Clinician Perspectives on Artificial Intelligence in Primary Care: Qualitative Systematic Review
and Meta-Synthesis (€72210)

Robin Bogdanffy, Alisa Mundzic, Peter Nymberg, David Sundemo, Anna Moberg, Carl Wikberg, Ronny Gunnarsson, Jonathan Widén, Par-Daniel
Sundvall, Artin ENEEZAINOU. . . . . .o oot ettt e e e e e e e e e e e 3

Explainable Al Approaches in Federated Learning: Systematic Review (€69985)
Titus Tunduny, Bernard ShibWabo. . . . .. ..o e 21

Original Papers

The Role of Al in Improving Digital Wellness Among Older Adults: Comparative Bibliometric Analysis
(e71248)

Naveh Eskinazi, Moti Zwilling, Adilson Marques, RiKi TeSIer. . . . . ..o e e e 41

Accelerating Discovery of Leukemia Inhibitors Using Al-Driven Quantitative Structure-Activity Relationship:
Algorithm Development and Validation (e81552)
Samuel Kakraba, Edmund Agyemang, Robert ShmooKIer ReiS. . . .. ... i e 84

Explainable Al-Driven Comparative Analysis of Machine Learning Models for Predicting HIV Viral
Nonsuppression in Ugandan Patients: Retrospective Cross-Sectional Study (e68196)
Francis Ngema, Albert Whata, Micheal Olusanya, Siyabonga MhIONGO. . . . . . ...ttt e e e e e e 105

Explainable Multitask Burnout Prediction Using Adaptive Deep Learning (EMBRACE) for Resident
Physicians: Algorithm Development and Validation Study (e57025)
Saima Alam, Mohammad Alam. . . ... e 132

Ambient Al Documentation and Patient Satisfaction in Outpatient Care: Retrospective Pilot Study (e78830)
Eric Davis, Sarah Davis, Kristina Haralambides, Conrad Gleber, Gregg Nicandri. . . . ... ... e 152

Treatment Recommendations for Clinical Deterioration on the Wards: Development and Validation of
Machine Learning Models (€81642)

Eric Pulick, Kyle Carey, Tonela Qyli, Madeline Oguss, Jamila Picart, Leena Penumalee, Lily Nezirova, Sean Tully, Emily Gilbert, Nirav Shah,
Urmila Ravichandran, Majid Afshar, Dana Edelson, Yonatan Mintz, Matthew Churpek. . . ... . . e 158

Leveraging Large Language Models to Improve the Readability of German Online Medical Texts: Evaluation
Study (e77149)

Amela Miftaroski, Richard Zowalla, Martin Wiesner, Monika Pobiruchin. . . ... ... . . . e e e e 176

JMIR Al 2026 | vol. 5 | p.1

RenderX


http://www.w3.org/Style/XSL
http://www.renderx.com/

Assessing the Quality of Al Responses to Patient Concerns About Axial Spondyloarthritis: Delphi-Based
Evaluation (e79153)

Jiaxin Bai, Xiaojian Ji, Jiali Yu, Yiwen Wang, Yufei Guo, Chao Xue, Wenrui Zhang, Jian Zhu. . .. .. ... e 192

Evaluating an Al Decision Support System for the Emergency Department: Retrospective Study (e80448)

Yvette Van Der Haas, Wiesje Roskamp, Lidwina Chang-Willems, Boudewijn van Dongen, Swetta Jansen, Annemarie de Jong, Renata Medeiros
de Carvalho, Dorien Melman, Arjan van de Merwe, Marieke Bastian-Sanders, Bart Overbeek, Rogier Plas, Marleen Vreeburg, Thomas van

Message Humanness as a Predictor of Al's Perception as Human: Secondary Data Analysis of the HeartBot
Study (e67717)

Haruno Suzuki, Jingwen Zhang, Diane Kim, Kenji Sagae, Holli DeVon, Yoshimi FUKUOKA. . . . . ... ...t 223

Performance of a Small Language Model Versus a Large Language Model in Answering Glaucoma
Frequently Asked Patient Questions: Development and Usability Study (€72101)

Adriano Faneli, Rafael Scherer, Rohit Muralidhar, Marcus Guerreiro-Filho, Luiz Beniz, Veronica Vilasboas-Campos, Douglas Costa, Alessandro
Jammal, Felipe MeEAEITOS. . . . . ..o e e e e 234

Clinical Evidence Linkage From the American Society of Clinical Oncology 2024 Conference Poster Images
Using Generative Al: Exploratory Observational Study (e78148)
Carlos Areia, MIiChael Taylor. . . . . ..o e e 243

Viewpoint
Ethical Risks and Structural Implications of Al-Mediated Medical Interpreting (€88651)

AlEXANAra LOPEZ VBIA. . . o . ottt ettt e e e e e e e 79

Research Letter

Human—Generative Al Interactions and Their Effects on Beliefs About Health Issues: Content Analysis and
Experiment (e80270)

Lingi Lu, Yanshu Wang, Jiawei Liu, Douglas MCLEOG. . . . . .. ..ot e e e e e e e e 127

JMIR Al 2026 | vol. 5 | p.2

RenderX


http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR Al Bogdanffy et al

Exploring Clinician Perspectives on Artificial Intelligence in Primary
Care: Qualitative Systematic Review and Meta-Synthesis

Robin Bogdanffy*, MD; Alisa Mundzic', MD; Peter Nymberg*®, PhD, RN; David Sundemo**, MD, PhD; Anna
Moberg®, MD, PhD; Carl Wikberg"®, PhD; Ronny Kent Gunnarsson™®’, MD, PhD; Jonathan Widén®, M Sc; Par-Daniel
Sundvall*®, MD, PhD; Artin Entezarjou®, MD, PhD

1Genera Practice/Family Medicine, School of Public Health and Community Medicine, Institute of Medicine, Sahlgrenska Academy, University of
Gothenburg, Huvudbyggnad Vasaparken, Universitetsplatsen 1, Gothenburg, Sweden

2Center for Primary Health Care Research, Department of Clinical Sciences, Malmd, Lund University, Malmd, Sweden

SUniversity Clinic Primary Care Skéne, Region Skane, Mamé, Sweden

4Center for Digital Health, Sahlgrenska University Hospital, Region Véstra Gétaland, MéIndal, Sweden

5Department of Health, Medicine and Caring Sciences, Faculty of Medicine and Health Sciences, Linko”ping University, Linkdping, Sweden
6R&eearch, Education, Development & Innovation, Primary Health Care, Region Vastra Gotaland, Gothenburg, Sweden

"Coll ege of Medicine and Dentistry, James Cook University, Cairns, Austraia

Corresponding Author:

Robin Bogdanffy, MD

General Practice/Family Medicine, School of Public Health and Community Medicine, Institute of Medicine, Sahlgrenska
Academy, University of Gothenburg, Huvudbyggnad Vasaparken, Universitetsplatsen 1, Gothenburg, Sweden

Abstract

Background: Recent advances have highlighted the potential of artificial intelligence (Al) systems to assist clinicians with
administrative and clinical tasks, but concerns regarding biases, lack of regulation, and potential technical issues pose significant
challenges. The lack of a clear definition of Al, combined with limited focus on qualitative research exploring clinicians
perspectives, has limited the understanding of perspectives on Al in primary health care settings.

Objective: Thisreview aims to synthesize current qualitative research on the perspectives of clinicians on Al in primary care
Settings.

Methods: A systematic search was conducted in MEDLINE (PubMed), Scopus, Web of Science, and CINAHL (EBSCOhost)
databases for publications from inception to February 5, 2024. The search strategy was designed using the Sample, Phenomenon
of Interest, Design, Evaluation, and Research type (SPIDER) framework. Studieswere eligible if they were published in English,
peer-reviewed, and provided qualitative analyses of clinician perspectives on Al in primary health care. Studies were excluded
if they weregray literature, used questionnaires, surveys, or similar methodsfor data collection, or if the perspectives of clinicians
were not distinguishable from those of nonclinicians. A qualitative systematic review and thematic synthesis were performed.
The Grading of Recommendations A ssessment, Devel opment and Eval uation-Confidencein Evidence from Reviews of Qualitative
Research (GRADE-CERQual) approach was used to assess confidence in the findings. The CASP (Critical Appraisal Skills
Program) checklist for qualitative research was used for risk-of-bias and quality appraisal.

Results: A tota of 1492 records were identified, of which 13 studies from 6 countries were included, representing qualitative
datafrom 238 primary care physicians, nurses, physiotherapists, and other health care professional s providing direct patient care.
Eight descriptive themeswereidentified and synthesized into 3 analytical themes using thematic synthesis: (1) the human-machine
relationship, describing clinicians’ thoughts on Al assistance in administration and clinical work, interactions between clinicians,
patients, and Al, and resistance and skepticism toward Al; (2) the technologically enhanced clinic, highlighting the effects of Al
on the workplace, fear of errors, and desired features; and (3) the societal impact of Al, reflecting concerns about data privacy,
medicolegal liability, and bias. GRADE-CERQual assessment rated confidence as high in 15 findings, moderate in 5 findings,
and low in 1 finding.

Conclusions: Clinicians view Al as a technology that can both enhance and complicate primary health care. While Al can
provide substantial support, its integration into health care requires careful consideration of ethical implications, technical
reliability, and the maintenance of human oversight. Interpretation is constrained by heterogeneity in qualitative methods and the
diversity of Al technologiesexamined across studies. Morein-depth qualitative research on the effects of Al onclinicians careers
and autonomy could prove helpful for the future development of Al systems.

Trial Registration: PROSPERO CRD42024505209; https.//www.crd.york.ac.uk/PROSPERO/view/CRD42024505209
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Introduction

Background

Health care systemsworldwide areincreasingly strained, partly
due to aging populations and insufficient resources, and there
is increased demand for accessibility, medical quality, and
economic efficiency [1]. Primary care is regarded as a
cornerstone in health care systems across many regions of the
world [2], and primary care clinicians job satisfaction is
considered essential for many health care systems [3]. Recent
studies have demonstrated the potential of artificial intelligence
(Al) tools and systems to reduce burnout and increase the
efficiency of health care professionals[4], aswell astoimprove
diagnostic accuracy and patient care [5].

Al isan emerging technology with abroad range of applications
[6-8]. However, there is till no consensus on a general
definition of Al, which presents an obstacle to investigating
peoples’ perspectives[9].

Recent advancesin Al haveled toincreased hedlth care-related
Al use and research [10]. Previous reports have indicated that
the main applications of Al in primary health care have been
data extraction and processing [11], reducing administrative
burden [12], and assisting physiciansin diagnosing, determining
a prognosis, and choosing a treatment [13]. Current large
language models (L LM s) have started to play amore prominent
rolein health care, and new applicationsare frequently identified
[14]. Severd LLM products, including Chat Generative
Pretrained Transformer (GPT), have demonstrated the capability
of medical reasoning and have performed well on medical
licensing exams [15,16]. Moreover, LLMs may improve
communication between health care professionals and patients
through text simplification [17].

Previous research suggests concernsamong cliniciansregarding
the use of Al in hedth care, such as demographic biases,

https://ai.jmir.org/2026/1/€72210

insufficient regulation, lack of trust in Al systems [18], and
automation bias [19].

While there seems to be a lack of systematic synthesis on
clinicians' perspectiveson Al in primary health care, a scoping
review conducted in 2022 on perceptions and needs of Al in
health care identified few studies within primary health care.
End-user and stakeholder opinions are essential for future
implementation and development. Since research on Al in
primary careislimited and results are varied, perceptions of the
use of Al in thisdomain are not fully understood [7].

Definitions
Definition of Clinicians

Inthisreview, werefer to health care professionalswho provide
direct patient care (eg, physicians, nurses, physiotherapists) as
clinicians.

Al Definitions

Different Al systems vary in their levels of autonomy and
adaptiveness after deployment [20]. For broad inclusion, this
review included any Al system or concept specified by the study
authorsasAl. ThisincludesLLMs, generative Al (GAI), natural
language processing (NLP), and clinical decision support
systems (CDSS). The definitions of these model types are
complex, and overlap exists; LL Msare language model strained
on large amounts of dataand are created to process and generate
human language based on prompts created by the user,
sometimes operating as GAl or asthe core of aCDSS[21]. GAl
refersto Al which is capable of generating content, such astext,
images, or audio, some of which are based on LLMs. Current
GAI system examples are GPT-4, Copilot, and DALL-E 2[22].
Theterm NL P encompasses computational techniquesdesigned
for the automatic analysis and representation of language [23].
A CDSSisan information system that generates specific clinical
recommendations through certain software-based algorithms
[24]. Anillustration of key conceptsof Al and machinelearning
(ML) isprovided in Figure 1 [25].
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Figure 1. Conceptua hierarchy of Al domains. Al: artificia intelligence; DL: deep learning; GenAl: generative artificial intelligence; LLM: large
language model; ML: machine learning; NLP: natural language processing; NN: neural network.

A

Objective
The aim of this systematic review is to synthesize the current

qualitative research on clinicians perspectiveson Al in primary
care settings.

Methods

Study Design

We performed a systematic review and metasynthesis in
accordance with the Cochrane Qualitative and I mplementation
Methods Group [26]. The review was reported according to the
Enhanced Transparency in Reporting the Synthesis of
Qualitative Research (ENTREQ) statement [27] (Checklist 1)
and Preferred Reporting Items for Systematic Reviews and
Meta-Analyses (PRISMA) guidelines [28] (Checklist 2). The

https://ai.jmir.org/2026/1/€72210
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study protocol was registered with the International Prospective
Register  for  Systematic  Reviews  (PROSPERO;
CRD42024505209) [29] before conducting the review. This
study employed a methodology for a systematic review of
qualitative studies, in which the authors conducted a secondary
qualitative synthesis of published clinician quotes and primary
authors’ interpretations from the reviewed studies, allowing for
deeper exploration of underlying patterns and themes.

Sear ch Strategy

Overview

The search strategy was developed using the Sample,
Phenomenon of Interest, Design, Evaluation, and Research type
(SPIDER) framework [30]: cliniciansin primary care (Sample);
their perspectives and experiences regarding Al (Phenomenon
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of Interest); explored through qualitative study designs (Design);
focusing on evaluations of experiences, attitudes, perspectives,
and views (Evaluation), within qualitative and mixed methods
research (Research type). Search strings were designed by the
author team and reviewed by a health sciences librarian at the
Gothenburg University Library. Broader terms for “primary
health care,” “artificia intelligence,” and “perspectives’ were
combined. Controlled vocabulary and free-text termswere used
(Multimedia Appendix 1). A systematic search was conducted
in MEDLINE (PubMed), Scopus, Web of Science, and CINAHL
(EBSCOhost) databases for publications from inception to
February 5, 2024. Backward citation searching of the reference
lists of the included articles was also performed. Search strings
were modified according to the requirements of each database.
All searches were performed independently by authors RB and
AM and reviewed by author AE. Search documentation is
presented in accordance with the Preferred Reporting Itemsfor
Systematic Reviews and Meta-Analyses Search (PRISMA-S)
checklist [31] (Checklist 3).

Inclusion Criteria

Studieswereincluded if they were conducted in aprimary health
care setting, involved clinicians such as doctors, nurses,
physiotherapists, or other health care professionals providing
direct patient care, and explored any perspectives on Al in
primary health care. For the purposes of this review, studies
were considered to be conducted in aprimary health care setting
if participants were recruited via primary care services, had
documented interaction with primary care, or if the study context
clearly reflected a primary care environment such as general
practice or family medicine. Only qualitative and mixed methods
studies published in Englishin peer-reviewed scientific journals
were eligible for inclusion.

Exclusion Criteria

Studieswere excluded if they lacked sufficient qualitative depth,
such as those using only questionnaires, surveys, or similar
methods for data collection. We also excluded studiesin which
qualitative data on clinicians perspectives were not clearly
distinguishable from those of nonclinicians, as well as grey
literature and unpublished materials.

Study Selection

Authors RB and AM imported the search results into Rayyan
(citation manager) [32], where duplicates were removed. The
authors independently screened titles and abstracts of the
remaining articles against the inclusion and exclusion criteria.
Any disagreements were discussed, and if consensus was not
reached, athird author (AE) was consulted for afinal decision.
We included articles claiming to evaluate Al technology based
on the authors definition of Al, as described in the
“Introduction.”

Critical Appraisal

Authors RB and AM independently conducted critical appraisal
using the Critical Appraisal Skills Program (CASP) checklist
for qualitative research [33]. Disagreements were discussed
until a consensus was reached or author AE was consulted for
afinal decision.

https://ai.jmir.org/2026/1/€72210
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Data Analysisand Synthesis

Data were extracted from the Results section of the included
articles and their supplementary material. Participant quotes
and authors' findings were analyzed independently by RB and
AM to generate descriptive themes using thematic analysis
according to the Braun and Clarke method [34]. Thisinvolved
several steps through a primarily inductive analytic process.
Firgt, the authors familiarized themselves with the extracted
databy reading it several times. RB then devel oped codes using
line-by-line coding of words or sentences considered
meaningful, using the NVivo software[35]. Data extraction and
coding were performed in 2 stages. The first stage involved
articles solely containing primary care clinician perspectives,
and the second stage involved articles containing perspectives
of both primary care clinicians and nonclinical heath care
professional's. Qualitative datawith perspectives other than that
of clinicians was not coded. Codes were discussed by both
authors until an agreement was reached, whereafter, they were
exported to a Microsoft Excel spreadsheet. RB then proceeded
to generate descriptive themes by grouping codes. Thealignment
of codes to certain themes was discussed, and the descriptive
themes were refined. Thematic synthesis, according to the
Thomas and Harden method, was employed to develop
higher-order analytical themes. It is a well-suited method for
exploring qualitative data such as perspectives or sentiments
[36]. Thematic synthesiswas accomplished through adiscussion
between both authors, during which the analytical themeswere
devel oped and named (Multimedia Appendix 2). No new themes
emerged from coding the articleswith mixed perspectives. This
method was chosen dueto itsability to identify recurring themes
and patterns across multiple studies, enhancing the breadth of
the analysis.

Assessment of Confidencein the Evidence

Confidence in each synthesized finding was assessed using the
Grading of Recommendations Assessment, Development and
Eva uation-Confidencein Evidence from Reviews of Qualitative
Research (GRADE-CERQual) approach. The GRADE-CERQual
approach was chosen as it explicitly addresses qualitative
evidence synthesis, alowing systematic and transparent
assessments of the confidencein each thematic finding. Authors
RB and AM independently evaluated each finding based on 4
components: methodol ogical limitations, coherence, adequacy,
and relevance. Each component was assessed as having no or
very minor, minor, moderate, or serious concerns. Discrepancies
were discussed, and if agreement was not reached, author AE
was consulted for afinal decision. Each finding began with an
initial rating of “high confidence”. Confidence levelswere then
potentially downgraded to moderate, low, or very low based on
the severity and number of concerns present in each component.
Typically, onelevel of downgrading (eg, from high to moderate
confidence) was applied when moderate concerns were
identified in one component combined with minor concernsin
other components, and two levels (eg, from high to low
confidence) were applied when serious concerns or multiple
moderate concerns were present. When concerns were minor
or very minor, no downgrading was performed [37-42].
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Ethical Consider ations

Because this systematic review used only pre-existing data,
ethical approval was not required.

Results

Search Results and Selection

Thefinal search generated 1492 results, and 415/1492 (27.8%)
duplicates were excluded. The remaining 1077/1492 (72.2%)

Bogdanffy et al

articles were screened by title and abstract, and 54/1077 (5%)
articleswereretrieved infull text and evaluated, of which 42/54
(77.8%) were excluded based on the exclusion criteria. Finally,
12/54 (22.2%) articles were included from the screening, and
1 additional article wasidentified from thereferencelists of the
previously included articles, resulting in a total of 13 studies
[43-55] (Figure 2).

Figure 2. Preferred Reporting Items for Systematic Reviews and Meta-Analyses (PRISMA) flow diagram of study selection.

[ Identification of studies via databases and registers

| Identification of studies via other methods

)

(n=1077)

g Records identified from
= databases (n=1492): Records removed before
8 PubMed (n=394) o | screening: Records identified from
= Scopus (n=5665) - Duplicate records removed Citation searching (n=2)
H CINAHL (n=84) (n=415)
= Web of Science (n=349)
___ l
—
Records screened for title and Records excluded
abstract — (n=1023)

)

v

Reports sought for retrieval o.| Reports not retrieved

Reports sought for retrieval Reports not refrieved

The 13 included studieswere conducted in 6 different countries.
Australia was the most frequent location with 4/13 (30.8%)
studies [45-47,49], followed by Canada with 3/13 (23.1%)
studies [51-53] and the United States with 3/13 (23.1%) studies
[43,44,50]. Sweden [55], the Netherlands [54], and Germany
[48] each contributed 1/13 (7.7%) study. Many studies used
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semistructured interviews for data collection (6/13, 46.2%)
[43,45,48,51,53,55]. Mixed methodswere used in 3/13 (23.1%)
studies[44,47,50], focusgroupsin 2/13 (15.4%) studies[49,54],
deliberative dialoguein 1/13 (7.7%) study [52], and aco-design
workshop in 1/13 (7.7%) study [46]. Characteristics of the
included studies are presented in Table 1.
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Study Country Method Characteristicsof ~ Occupation Type of Al Identified themes
participants
Daviset d [43] USA Semistructured in-  n=10 Mixed? Machinelearning  Acceptability, Clin-
terviews Age? ical Utility, Priva-
g€ cy, Dataand Evi-
Gender? dence, Clarifica
tion/Confusion,
Communication,
Peatient, Family and
Provider Character-
istics and Experi-
ences, Inner Set-
ting, Outer Setting,
Suggestions
Litvin et a [44] USA Mixed methods n=39 Mixed? CDSS<C Provider factorsre-
Age? lated to CDSS®
adoption, Patient
Gender® factors related to
CDSS adoption,
Technical factors
related to CDSS
adoption, Organiza-
tional factors relat-
ed to CDSS adop-
tion
Navarroet a [45]  Austrdia Semistructuredin- =10 General practition- Natural language  poctor-Al9 collabo-
terviews Age® ers processing ration, Desired fea-
) tures, Concernsand
Gender-men: n=7, challenges, Consul-
women: n=3 tation of the future
Kocaballi et a [46] Australia Co-design work- n=16 General practition- Generative Al Professional auton-
shop a ers omy, Human-Al
Age collaboration, New
Gender-men: n=10, models of care
women: n=6
Shibl et a [47] Austraia Mixed methods n=37 General practition- CDSS Usefulness, Facili-
a ers tating conditions,
Age Ease of use, Socid
Gender-men: n=24, influence, Trust in
women: n=13 the knowledge
base, Involvement,
Moderating vari-
ables
Buck et a [48] Germany Semistructured in-  n=18 General practition- CDSS Concerns, Expecta-
terviews Age (y): 34-70 ers ti ons, Environmeq-
o tal influences, Indi-
Gender-men: n=9, vidual characteris-
women: n=9 tics, Minimum re-
quirements of Al-
enabled systems
Ahearn et a [49] Australia Focus groups n=22 General practition- CDSS Reaction to
Gender-men: n=15, &S prompts, Concerns
women: n=7 and potential prob-

lems, Effects on
prescribing behav-
ior, Need for train-
ing, Helpful fea-
tures of decision
support systems,
Suggested improve-
ments, Attitudes to
evidence-based
guidelines
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Study Country Method Characteristicsof ~ Occupation Type of Al Identified themes
participants
Allen et a [50] USA Mixed methods n=15 General practition- Unspecified Al Concernsregarding
Age? ers technology, Con-
g€ cerns regarding
Gender? peopleand process-
es
Nash et a [51] Canada Semistructuredin-  n=10 Mixed? Unspecified Al Context of Health
terviews a Care Setting,
Age Knowledge, Foun-
Gender? dation of Trust: Ac-
curacy, Experience,
and Openness, Inter-
nal and External In-
fluences, Anticipat-
ed Impact of Al
Upshaw etal [52]  Canada Deliberativedia=  n=21 Mixed? CDss Priority applica-
logue Age (y): 28-64 tionsof Al inprima-
ry care, Impact of
Gender-men: n=12, Al on primary care
women: n=9 provider roles,
Considerations for
provider trainingin
Al
Libon et al [53] Canada Semistructured in-  n=8 Mixed® Unspecified Al Provider satisfac-
terviews a tion, Difficulties
Age with implementa-
Gender? tion, Impact on pa-
tient care
Sangerseta [54]  Netherlands Focus groups n=17 General practition-  Unspecified Al Perceived Benefits,
Age (y): 31-62 ers Perceived Barriers,
Preconditions for
Gender-men: n=7, Implementation
women: =10
Helenason et al Sweden Semistructuredin-  n=15 General practition- CDSS Trust, Usability and
[55] terviews Age? ers User Experience,
%€ Clinical Context
Gender®

8A ge/Gender: undisclosed or not distinguishable from nonclinicians.

BMixed: doctors, nurses, physiotherapists, or other health care professionals providing direct patient care.

¢CDSS: clinical decision support system.
Al artificial intelligence.

Critical Appraisal

The critical appraisal using the CASP qualitative checklist
indicated that all included studies had clear research aims,
appropriate qualitative methodologies, and well-reported
findings. Several studieslacked sufficient transparency in ethical
considerations (Multimedia Appendix 3).

Findings

Thethematic analysisidentified eight descriptive themes. These
descriptive themesrepresent recurring elementsidentified across

https://ai.jmir.org/2026/1/€72210

RenderX

studies and served asthe foundation for the synthesis of broader
analytical themes. Thematic synthesisresulted in three analytical
themes: the human-machine relationship, the technologically
enhanced clinic, and the societal impact of Al. All themes are
presented in Table 2. There was a wide time span across the
included studies. Earlier studies, conducted between 2003 and
2013, explored perspectives on less advanced systems, such as
CDSSs not based on ML [44,47,49], whereas later studies
included more advanced Al systems, such as GAl and NLP
[43,45,46,48,50-54], or a CDSS based on ML [55].
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Table. Analytica themes and descriptive themes.

Bogdanffy et al

The human-machine relationship

The technologically enhanced clinic

The societal impact of AI?

Interaction with Al Workplace changes
Resistance to Al Technological concerns
Clinical impact
Desired features

Bias

Data security, privacy, and legal implications

Al artificial intelligence.

Theme 1. The Human-Machine Relationship

I nteraction With Al

The relationship between humans and Al was approached from
different perspectives, and several clinicians perceive Al asan
assistant that could alleviate the burden of specific tasks
[45-47,51-55]. Some clinicians suggested that Al may have a
negative impact on the clinician-patient relationship through
thelack of ahuman connection [46,48]. However, somefindings
suggested increased clinician empathy with Al assistance[46,50]
or even facilitation of communication between a clinician and
apatient [45]. Several clinicianswished for Al to enhance rather
than replace the rel ationship between clinician and patient [52].
The idea of working with the Al algorithm to present
information and decisions to the patient was also appreciated
[43]. It was also believed that the use of Al could increasetime
spent with patients rather than other tasks [45]:

Yes, just taking my hands off the computer, getting
my eyes off the screen, so that | can be spending time
with the patient. And also saving me the
documentation time, because you can either spend
more time with the patient or see more patients. [GP]|

Some clinicians believed that a patient’s confidence in the
clinicianwouldincrease by using Al [53,55], and othersbelieved
that Al would empower cliniciansto be more confident in their
practice [53-55]. Severa clinicians thought that Al could be
valuable in educating clinicians or providing new clinical
insights [51,53,54]. However, there were concerns that by
introducing Al systemsto inexperienced clinicians, there could
be arisk of declining proficiency dueto the automation of tasks
[52]. Clinicians highlighted that Al could complement human
medical practitioners with nonhuman traits, such as the ability
to not get tired, thus retaining its clinical accuracy [48]. Many
clinicians believed that Al could improve the clinical
consultation by shifting the clinician’s focus toward the patient
[45,46,52]. Clinicians in one study believed that Al systems
currently focus more on task efficiency than on improving
patient care [46].

Some clinicians ultimately wished to retain control over the Al
system, keeping the clinician in charge [45,46,55]. Whether
clinicians wanted to have a deeper understanding of the
programming behind an Al system differed, with someclinicians
having adesire for amore profound knowledge [48] and others
believing that it was not required [43,50]. Clinicians' trust in
Al systems was discussed with conflicting opinions, where
some believed that Al could ultimately be trusted, and some
did not [45,47,55]. Trust in the Al system would increase if it
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were scientifically proven to work or validated by other health
care professionals, according to some clinicians[55]. Thetopic
was further investigated in discussions surrounding trust in the
Al creators, where clinicians expressed that they would trust
the systemiif it were based on awell-known physician or author.
They voiced no concern regarding how the system was
developed or who the software devel opers were [47].

Resistance to Al

Several clinicians voiced concerns regarding Al replacing
medical staff or jobsin other sectors[46,48,50]. Some expecting
doctorsto eventually assist Al [46]:

| think eventually the doctors will be the assistant
doctors ... Doctors will assist artificial intelligence
what todo ... eventually ... we'll be helping it. | think
well be assistant ... Because theyll be doing
everything. It will bejust saying, yes, no, yes, no. Say
supervision, but we'll be assisting. [GP]
Other clinicians dismissed such fears[45,52]. It was al so thought
that clinicians' gut feelings could not be replaced by Al [51].
There was also resistance or skepticism toward Al systems.
Severd clinicians voiced potential negative effects on their
workflows, stating that they perceived Al to cause increased
time expenditure [43,47,48,50]. Other clinicians believed that
there was no change in time expenditure [44]. It was aso
believed that decreased time expenditure could have adverse
effects due to patients becoming accustomed to the increased
speed and effectiveness of certain processes [50].

Previous negative experiences with theintroduction of electronic
health records could influence skepticism toward Al [51,52].
Discussions about factors contributing to Al resistance emerged,
and some clinicians concluded that this could be caused by age,
personal interests, or alignment with accepting new technology
[45,48,50]. Other barriers, such as being limited by time or
resources, were also mentioned [43]. Some clinicians were
worried about patient safety due to concerns about Al safety
and agorithmic bias [52].

Theme 2: The Technologically Enhanced Clinic

Workplace Changes

Thereweredifferent clinician perspectives on automating certain
tasks, the impact on workload, and integrating a new systemin
a workplace [43-55]. Clinicians expressed a belief that using
Al systems could potentially save time through automation of
administrative tasks or clinical decision  support
[44-48,50,54,55]. Some voiced that thiswasthe foremost reason
for using Al [45]:
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I'd be confident that it would save me time but not

replace me thinking, which is not the aim, for meit's

the saving time. [GP]
Not all clinicians agreed on this topic. Some thought that Al
would increase their workload by complicating their tasks
[43,50] or disrupting their workflow and disturbing their train
of thought [47,53]. Interference with the clinician's
decision-making process by the suggestion of unnecessary tests
was highlighted as a negative impact on workflow [43].
Opinions were mixed regarding whether cost was an important
factor for implementation. Some believed that cost could be a
factor in system acceptance [48], whereas others did not [47].
Some thought that there was probably a positive cost-benefit
for clinics using Al systems [54]. Some clinicians wished that
the focus of Al systems should be to assist patient care and not
strictly for financial gain [47]. Assisting clinicians in primary
care centers was thought especially important in countering
physician burnout [51]. Severa studies voiced concerns
regarding integrating Al systems into already established
working environments. Many clinicians wished for seamless
integration of Al systems into existing systems [45,47-50,52],
whereas some wished for the systemsto be compl etely separated
[49,55]. The need for established policies and routines prior to
Al system adoption was also voiced [55].

Technological Concerns

Cliniciansvoiced several technological concerns, including the
risk of technical issues, issueswith the Al system itself, or user
errors[43-52,55]. Several clinicians had experience with CDSS
providing inaccurate information [47] or leaving out important
information [49]. Many clinicianswere concerned with therisk
of Al producing erroneousinformation or having alow accuracy
[45-47,49,50,55]. The Al’s ability to decide whether a piece of
information was relevant was also a concern [45].

Simultaneously, there was also a fear of user error, meaning
clinicians were uncomfortabl e using the system and potentially
causing errors [45,47,51]. Several clinicians further explored
this subject, mentioning that they would fear not knowing how
to use the system in front of patients [47]. The reason for this
was hot further specified, but other clinicians deemed using an
Al system nonintuitive [44]. Another technical concern
expressed by some clinicians was the possibility of complete
system failure [48]:

If my system goes down, my Al is on standby, then
sorry, | can’t diagnose, my system strikes out. That
iswhy it's nice to be able to write down with a pen
on paper what a patient has and has received. [GP]|

Accessibility was approached from different perspectives. There
were wishes for Al systems to be easily accessible from the
electronic health record [43]. Cliniciansal so expressed concern
that some patient groups could be less likely to have access to
the technology needed for Al interaction [43]. Likewise, using
Al as triage could be inaccessible for some populations [52].
Computer and Al training for clinicians was generally seen as
an important factor for implementation.

Cliniciansfrom different studies expressed the need for specific
training [47,52,55] and being regularly informed about Al
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technology [48]. Some believed there was no need for training,
asthey had been using an Al system without prior professional
training [47]. The growing use of similar algorithms or
programs, such as CDSS or other Al systems, was generally
considered beneficial for implementation [43]. Even though
several technical concernswere voiced, remarksfrom one study
were that technological advancements in medicine are also
necessary. It would help clinicians stay up-to-date with the
increasing amount of medical knowledge, enable predictive
models, and keep up with demographic changes, making clinics
technologically modern for younger physicians [48].

Clinical I mpact

Thoughts on how the usage of Al would impact clinical work
emerged in multiple studies [44-49,53-55]. Some mentioned
the benefits of diagnostic support, increasing clinical
effectiveness and accuracy [44,45,47-49,53-55], while others
mentioned positive effects on their prescribing behavior by
using a pharmaceutical decision support system [49]. Using Al
technology in remote diagnostics or examinations was
considered beneficial [53]. Clinicians also discussed retrieving
a medical history using Al as a helpful tool [45]. However,
some clinicians thought that by removing the act of writing
fromtheclinician, their thought process could be disrupted [46]:

One of the advantages of when you write it is it
reinforceswhat you thought ... It'sathinking process,
because you actually think about what this actually
means? ... How can you capture that writing
experience in an electronic medium? [GP]

Desired Features

Clinicians had several ideas regarding features they would like
to seein Al systems and decision support systems. Their wishes
for specific features and the implications of these features were
recurring topics [44-52,55]. Many expressed the importance of
the extraction and summarization of essential data[45,52]. They
also expected Al systemsto process more information than any
human brain could, all while maintaining a high working speed
[48]. Clinicians wished for Al to be more accurate and yield
better results than humans so that it would not be considered
obsolete [48,51]. The possibility for cliniciansto customizethe
information presented or for the Al to adapt to the clinicians
needs was deemed important [44,46,49,50].

Other desired features were Al-assisted patient triage [48,52],
identifying patientswith high risk of disease[52] and integrating
Al into telehealth systems [46,48,52]. Besides purely clinical
functions, suggestionsincluded using Al to predict visit surges
and for health resource planning [52]. Numerous clinicians
emphasized the necessity for Al systems to be user-friendly,
thereby enhancing the probability of their adoption
[47-49,51,55].

Some cliniciansfelt strongly that the Al should provideaclear,
logical explanation of how it arrived at its conclusions,
emphasizing the need for transparency and traceability of the
Al’salgorithm. Others, however, argued that aslong asthe Al’s
output isaccurate and reliable, understanding itsinner workings
islessimportant [50]. Some clinicians al so expressed that their
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limited knowledge of Al systemshindered them from providing
ideas on possible features [51]:

And | do not know enough about artificial intelligence
to give you big ideas of what could be done. [Health
care provider]

Theme 3: The Societal Impact of Al

Bias

Clinicians discussed several types of bias, some of which could
affect the population and others which might affect clinicians.
Opinions regarding bias and how it could affect our society
were expressed [45,46,48,50-52]. Clinicians were worried that
the data used to train an Al system could be historically biased
by being trained mainly on information from only one or afew

demographic groups [46]. They also expressed that bias could
“leak” into the Al from its creators [50]:

The thing I'm apprehensive about is, how are we
teaching Al these things because some of those biases
could leak in. [GP]

Clinicians were additionally concerned that automation bias
could affect the clinician's decision-making or potentially
distract the clinician from important information. This means
that clinicians could over-rely on the information presented by
Al and prioritize it over their own reasoning [45,46,48,51,52].

Data Security, Privacy, and Legal | mplications

Patient data security and privacy were topics discussed from
different perspectives. Clinicians expressed concerns about the
risks of having sensitive data processed through Al and the
impact it could have both on patients and clinicians
[43,45-48,50]. Many cliniciansvoiced concern over the security
surrounding data processing, whether the data would be
encrypted, and the risks of hacking or misuse of data [45-48].
On the other hand, some clinicians did not consider security
important since they were unaware of any security issues[47].
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Other clinicians wanted to know how the Al system handled
data privacy [45]. Some clinicians thought that letting Al
systems process all the data produced in aclinical setting could
be an inherent problem, leading to possible monitoring of
clinicians. However, none of the participants could identify who
would benefit from such surveillance[48]. Some clinicianstook
a negative stance on the complete transparency potentially
caused by using Al in documentation, as opposed to the natural
filtration of information employed by clinicians. They also
preferred keeping data from a patient-physician consultation
private [48]:

Patient data are very sensitive data. Disease data are
very sensitive data. [ There is the risk that] they are
passed on somewhere, that some authoritieswho have
nothing to do with it or should have nothing to do
with it could intercept the data and use this to the
disadvantage of the patients. [GP]

In addition to patient data safety, the safety of doctors and how
the availability and transparency of data could work against
them were considered. Clinicians suggested that doctor safety
could be jeopardized when using Al for documentation or
decision support. An example given by clinicianswasif the Al
had suggested something that a clinician did not take notice of
or if there could be compromising datain what the Al system
documented [46].

Legal implications were also a large topic of discussion in
severa studies. Many clinicians voiced legal concerns, primarily
related to fear of legal action taken toward the clinician if they
acted outside of recommendations given by the Al system
[45,46,50,55]. Another viewpoint was that clinicians expected
there to be built-in legal protection that shifted responsibility
from the clinician to an Al system [48], or for there to be a
clearly defined medicolegal liability [52,55].

Assessment of Confidence

Theresults of the GRADE-CERQual assessment for the review
findings are summarized in Table 3.
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Table . Summary of qualitative findings, Grading of Recommendations Assessment, Development and Evaluation-Confidence in Evidence from

Reviews of Qualitative Research (GRADE-CERQual) assessments.

Summary of review findings References CERQual? assessment of confidence  Explanation of CERQual assessment
in the evidence
Interaction with AI®
Cliniciansperceive Al asanassis  [45-47,51-55] High confidence There were minor concerns regard-
tant that could alleviate the burden ing adequacy.
of specific tasks.
Al may negatively impact the [46,48] Low confidence There were serious concernsregard-

clinician-patient relationship dueto
alack of human connection.

Al could enhanceclinician empa-
thy or facilitate clinician-patient
communication and confidence.

Clinicians wish to retain control
over Al systems and understand
how they function.

Clinicians expressed conflicting
views regarding trust in Al.

Resistance to Al

Some clinicians fear being re-
placed or having their role dimin-
ished by Al.

The introduction of Al could in-
crease clinicians' time expenditure
or disrupt workflows.

Multiplefactorsinfluence skepti-
cism toward Al, such as previous
experiences, time, age, interests, and
technology acceptance

Workplace changes

Al systems could save clinicians
time through automation.

Clinicians held differing perspec-
tives on the importance of cost for
Al system adoption

There were conflicting views on
theideal level of Al systemintegra-
tion with existing clinical systems.

Technological concerns

Clinician concerns regarding
technological issuessuch asAl sys-
tem or user errors.

[43,45,46,50,52-55]

[43,45,46,48,50,55]

[45,47,55]

[46,48,50]

[43,44,47,48,50]

[43,45,48,50-52]

[43-48,50,53-55]

[47,48,54]

[45,47-50,52,55]

[43-52,55]

Moderate confidence

High confidence

High confidence

Moderate confidence

Moderate confidence

High confidence

Moderate confidence

M oderate confidence

High confidence

High confidence

ing adequacy, moderate concerns
regarding coherence, and minor
concerns regarding methodol ogy,
justifying two levels of confidence
downgrade.

There were moderate concerns re-
garding coherence and minor con-
cernsregarding adequacy, justifying
onelevel of confidence downgrade.

There were moderate concerns re-
garding adequacy, and minor con-
cerns regarding methodology and

coherence.

There were moderate concerns re-
garding adequacy. The concern was
not deemed serious enough for a
downgrade of confidence.

There were moderate concerns re-
garding adequacy, and minor con-
cerns regarding methodology and
coherence, justifying one level of
confidence downgrade.

There were moderate concerns re-
garding coherence and minor con-
cerns regarding methodology and
adequacy, justifying one level of
confidence downgrade.

There were minor concerns regard-
ing methodology and adequacy.

There were moderate concerns re-
garding coherence and minor con-
cerns regarding methodology and
adequacy, justifying one level of
confidence downgrade.

There were moderate concerns re-
garding adequacy and minor con-
cerns regarding methodol ogy, justi-
fying one level of confidence
downgrade.

There were minor concerns regard-
ing methodol ogy.

There were minor concerns regard-
ing methodol ogy.
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Summary of review findings References CERQual? assessment of confidence  Explanation of CERQual assessment
in the evidence
Clinicians expressed aneed for ~ [47,48,52,55] High confidence There were minor concerns regard-

specific training in Al systems and
being informed about Al technology

Clinical impact

Al could provide valuable diag-
nostic support, increasing clinical
effectiveness and accuracy.

[44,45,47-49,53-55]

Desired features

Clinicians expressed preferences
for specific featuresin Al systems

[44-52,55]

Clinicians emphasized theimpor-
tance of Al systems being adaptable
and customizable

[44,46,49,50]

User-friendliness of Al systems
was emphasized by numerousclini-
cians as essential for adoption

[47-49,51,55]

Bias
Clinicians are concerned that Al

could perpetuate biases fromits
training data or its creators.

[45,46,48,50-52]

Clinicians fear over-relying on
Al, leading to automation bias.

[45,46,48,51,52]

Data security, privacy, and legal implications

The security of patient datapro-  [43,45-48,50]
cessed by Al isasignificant concern
for clinicians.

There are significant concerns [45,46,48,50,52,55]

regarding the legal liability and re-
sponsibility when using Al in clini-
cal decisions.

ing methodol ogy, coherence, and
adequacy.

High confidence There were minor concerns regard-

ing methodology and adequacy.

High confidence There were minor concerns regard-

ing methodology and adequacy.

High confidence There were minor concerns regard-

ing methodol ogy.

High confidence There were minor concerns regard-

ing methodology and adequacy.

High confidence There were minor concerns regard-

ing methodology and adequacy.

High confidence There were minor concerns regard-

ing methodology and adequacy.

High confidence There were minor concerns regard-
ing methodology, coherence, and

adequacy.

There were minor concerns regard-
ing methodology and adequacy.

High confidence

8CERQual: Confidence in Evidence from Reviews of Qualitative research.

BAI: artificial intelligence.

Details are provided in Multimedia Appendix 4.

Discussion

Principal Results

When synthesizing primary care clinician perspectives of various
Al  systems, 3 anaytica themes emerged. The
GRADE-CERQual assessment indicated high confidencein 15
findings, moderate confidencein 5 findings, and low confidence
in one finding.

The Human-M achine Relationship

There were many positive remarks on the potential for Al to
assist cliniciansin administrative tasks[45-47,51-53,55], clinica
work [45,46,52,55], and education [51,53,54]. Some studies
highlighted fears of Al replacing human roles [46,48,50].
Resistanceto Al was noted, with concernsthat Al might disrupt
workflow and increase task time [43,47,48,50,53]. The
underlying causes of skepticism were discussed. Some attributed
it to previous negative experiences with other digital tools
[51,52], others to their age or technical alignment [45,48,50].
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Positive views on Al systems were generally seen in studies
where Al tools were deemed effective, seamlessly integrated,
and saved time [44,45,47].

The Technologically Enhanced Clinic

Some clinicians saw benefits in automating tasks like
documentation and consultation [44-48], whereas othersfeared
potentially increased workload [43,47,50,53]. Technical
concernswere found, including fears of computer errorsor user
errors [43-53,55]. Clinicians valued Al’s potential to assist in
clinical tasks such as decision support [44,45,47-49,53-55].
Clinicians discussed desirable Al features, such as diagnostic
support, integration with telemedicine, and customization
options [44-52,55]. Severa studies mentioned the importance
of the system’s user-friendliness [47-49,51,55].

The Societal Impact of Al

Security and privacy issues were highlighted, particularly
regarding the handling of sensitive patient data and the risks of
unauthorized access [43,45-48,50]. Societal impact, including
potential biases and overreliance on Al, was concerns
[45,46,48,50-52], and potential legal implicationsif clinicians
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acted outside of the Al recommendations [45,46,50,55].
Cliniciansexpressed greater confidencein adopting Al systems
that had received formal regulatory approva or institutional
endorsement [49,51].

Comparison With Prior Work

Our findings regarding clinicians' views of the potential of Al
and reservations regarding safety aspects are similar to a
previous systematic review of Al-powered chatbots for
managing chronic illness, which provided insights into the
usability and acceptance of Al in health care. Thereview found
that participants gave positive feedback regarding perceived
usefulness, satisfaction, and ease of use. The review also
concluded that the safety of Al-powered chatbots has been
overlooked and needs to be considered more thoroughly in
future designs [56].

As Al expands into hedth care, a significant concern has
emerged: therisk of bias. Since Al relies on historical datathat
could be statistically or socialy biased, it could potentially incur
arisk of worsening patient outcomes [57]. This coincides with
our findings regarding clinicians' concerns about biased Al
systems.

In this review, clinicians were positive toward simplifying
certain tasks using Al while ssimultaneously having concerns
regarding technical aspects. Another systematic review of
stakeholders' perspectiveson clinical Al implementation, which
included perspectives of health care providers, similarly found
that health care providers saw benefitsin using Al for reducing
repetitive tasks, improving patient outcomes, and clinical
training. Reservations toward Al included implementation
issues, uncertainty around its mechanics, and skepticism toward
its ability to inform clinical decisions[58].

In the current review, opinions on whether clinicians should be
involved in the development of Al systems were mixed. One
scoping review published in 2020 found the engagement of
clinicians in health care Al development and research to be
crucia [59]. The ethical and regulatory challenges expressed
in the findings of this review are also brought to light in a
scoping review published in 2022. Their findings suggest that
Al research and development in health care is currently
outpacing the creation of supporting Al governance, and there
is a need for international collaboration to facilitate
comprehensive Al governance in this sector [60]. There were
similar findingsin another article published in 2021, where the
author concludes that there is an apparent risk of regulations
and oversight faling behind Al's rapid development and
integration [61].

This review focuses solely on clinicians, although many other
professionals are implicated in the adoption of Al into health
care. Further investigation of perspectives of information
technology experts, managers, and other stakeholders could
prove valuable in the development, adoption, and integration
of Al systems|[62].
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Strengthsand Limitations

Strengths

To the best of the authors’ knowledge, no systematic review on
thistopic in aprimary health care setting is currently available.
Thereview provides new and valuableinformation on thetopic.
The review adhered to the PRISMA and ENTREQ guidelines,
was pre-registered with PROSPERO, and searched across
several large databases. Thematic synthesis was employed by
two independent authors, enhancing reliability, validity, and
reducing bias.

Limitations

Thefield of Al israpidly expanding, and perspectiveson Al in
primary health care could swiftly change over time. Several
new studies have emerged since this analysis was conducted;
thus, further research is needed to better understand clinician
perspectives on the latest Al advancements. Thisreview relied
on the authors definitions of Al in the included articles,
potentially increasing the variability of the results. The limited
geographic range of the included studies may affect the
generalizability of thefindings. In thisreview, we only included
studies from high-income countries. Research on Al in health
care in low- and middle-income countries is very limited, as
most Al health systems are devel oped and tested in high-income
countries. Additionally, no PRESS checklist for peer review of
search strings was completed.

Practical Implications and Identified Gapsin the
Qualitative Literature

Thefindings of thisreview suggest that Al systems should focus
on reducing administrative burden and supporting certain clinical
tasks, provided they do not disrupt clinicians workflows. These
systems must demonstrate time-saving capabilities and
seamlessly integrate with existing infrastructure, such as
electronic medical records. Through these functions, an Al
system could enhance a medical visit by allowing the clinician
to focus on patient contact rather than administrative tasks.

Continuous monitoring for computer errors, structured Al
training programsfor clinicians, and simplifying user interfaces
are essential to minimize user errors. Additionally, ensuring
robust data handling practicesis critical to maintaining patient
privacy and security. There is also a desire among clinicians
for clearly defined medicolegal responsibilities.

Developers of health care-related Al systems should aim to
mitigate system bias and consider collaborating with clinicians
in the development process to build initial trust and address
potential concerns. Involving clinicians with previous
experiences of Al or CDSS in the development or integration
of Al systems might facilitate adoption and use. Moreover,
current Al tools should complement, not replace, clinical
decision-making. It isimportant to provide younger clinicians
with opportunities to develop critical reasoning skills without
fostering over-reliance on Al-generated outputs.

The review revealed gaps regarding clinician perspectives on
Al in primary health care, specificaly in LLMs. Perspectives
on ethical implications focused mainly on biasin Al systems,
patient privacy and data security, medicolegal implications,
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transparency and accountability, and equity in Al system access.
However, deeper analyses regarding the ethical implications of
modern Al systems, including how Al might alter clinicians
professional roles, authority, and autonomy, were scarce. Some
of theincluded studies mentioned clinicians expressing thoughts
on their reliance on Al systems and how their autonomy might
be affected. However, further research could provide valuable
information on these aspects that directly influence clinicians
acceptance and utilization of Al technologies.

Findingsfrom thisreview suggest that somecliniciansare avare
of long-term job implications and possible job displacement
due to the introduction of Al into health care. Threats to the
professional autonomy of clinicians could be dueto automation
bias, potentially overriding or deskilling clinical judgment with
decision-support recommendations becoming default options,
or by reducing the professiona freedom of clinicians when
many clinical actions are turned into data, enabling scrutiny of
even the smallest decisions. Further research on Al’s effectson
the evolution of clinicians' career paths and future autonomy
is warranted.

While many clinicians assume ultimate responsibility in patient
care, several fear “legal whiplash” if they disregard an Al
recommendation that later proved correct or followed one that
proved harmful. These findings highlight the need for clear
governance frameworks by having Al tools accredited and
liability boundaries specified by a professional body such as
the EU Al Act [63] and FDA Software-as-a-Medical-Device
(SaMD) guidance [64]. Further empirical research is
recommended to evaluate how such regulations translate into
everyday primary care. Another possible pre-condition for
ethically acceptable Al use could be provided by transparent
Al reasoning paths, enabling clinicians to follow a defensible
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audit trail rather than a simple, final output that could prevent
shared decision-making with patients.

Future Directions

Further research on Al in primary health care is needed,
especialy in low- and middle-income countries. Notable gaps
in the literature include evaluations of LLMsin primary health
care, which are expected to have great potential. Ethnographic
studies could yield deeper insights into Al's impact on the
professional role of clinicians and long-term career implications.
Further in-depth, qualitative research on these topics could prove
helpful for future Al system devel opment and integration.

Future research should also expand beyond cross-sectional
studies to longitudinal, mixed-methods studies that follow Al
systemsfrom adoption to routine usein primary careclinicsfor
further in-depth analysis of Al use and a deeper understanding
of facilitators and barriersto adoption. Additionally, systematic
reviewstargeting specific typesof Al or clinical use caseswould
support a more nuanced understanding of Al implementation
in diverse primary care contexts.

Conclusions

Cliniciansview Al asatechnology that could both enhance and
complicate primary health care. While Al can provide substantial
support, its integration into health care requires careful
consideration of ethical implications, technical reliability, and
the maintenance of human oversight. Interpretation is
constrained by heterogeneity in qualitative methods and the
diverse Al technol ogies examined across studies. Morein-depth
qualitative research on the effects of Al on clinicians' careers
and autonomy could prove helpful for the future devel opment
of Al systems.
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Abstract

Background: Artificial intelligence (Al) has, in the recent past, experienced arebirth with the growth of generative Al systems
such as ChatGPT and Bard. These systems are trained with billions of parameters and have enabled widespread accessibility and
understanding of Al among different user groups. Widespread adoption of Al hasled to the need for understanding how machine
learning (ML) models operate to build trust in them. An understanding of how these models generate their results remains a huge
challenge that explainable Al seeks to solve. Federated learning (FL) grew out of the need to have privacy-preserving Al by
having ML models that are decentralized but still share model parameters with a global model.

Objective: This study sought to examine the extent of development of the explainable Al field within the FL environment in
relation to the main contributions made, the types of FL, the sectorsit isapplied to, the model s used, the methods applied by each
study, and the databases from which sources are obtained.

Methods: A systematic search in 8 electronic databases, namely, Web of Science Core Collection, Scopus, PubMed, ACM
Digital Library, IEEE Xplore, Mendeley, BASE, and Google Scholar, was undertaken.

Results: A review of 26 studies revealed that research on explainable FL is steadily growing despite being concentrated in
Europe and Asia. The key determinants of FL usewere data privacy and limited training data. Horizontal FL remainsthe preferred
approach for federated ML, whereas post hoc explainability techniques were preferred.

Conclusions: Thereispotential for devel opment of novel approaches and improvement of existing approachesin the explainable
FL field, especidly for critica areas.

Trial Registration: OSF Registries 10.17605/0OSF.10/Y 85WA; https.//osf.ioly85wa

(IMIR Al 2026;5:€69985) doi:10.2196/69985

KEYWORDS

explainable artificial intelligence; federated learning; explainable federated artificia intelligence; privacy-preserving machine
learning; model interpretability

explainable artificial intelligence (XAl) [2,4,6]. How a ML
model worksisimportant in building trust and reliability in its
prediction or classification results, especially in critical areas.
XAl approaches such as linear interpretable model-agnostic
explanations (LIME) [7] and Shapley Additive Explanations
(SHAP) [8] perform well with centralized models, athough

Introduction

Background

Machine learning (ML) has become increasingly prevalent in
critical sectors such as health care and security [1,2] driven by

the need to process copious amounts of edge device data [3].
However, highly performant ML agorithms often operate as
“black boxes’ [4,5], creating a need for ML explainability to
build trust. This has led to increased research in the field of

https:/ai jmir.org/2026/1/e69985

challenges remain [9]. Growing data privacy legislation such
asthe General Data Protection Regulation [10], HIPAA (Hesalth
Insurance Portability and Accountability Act) [11], and Kenya's
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Data Protection Act [12] have further complicated centralized
ML development.

Federated learning (FL), introduced by McMahan et al [13] in
2016, enables privacy-preserving training on decentralized data
stored on edge devices [13,14]. A central server distributes a
global model to clients, who train it locally and send updates

Tunduny & Shibwabo

(learned parameters) back, ensuring that data never leave the
device. Thefederated ML processisoutlinedin Figure 1. These
updates are aggregated from selected clients (polling) typically
using the federated average algorithm [13] to refine the global
model. This processisrepeated over several rounds, preserving
privacy whileimproving model performance[15]. Thefederated
averaging algorithm is outlined in Textbox 1.

Figure 1. Federated machine learning process showing globa model distribution and update of the global model on the federated learning (FL)

aggregation server.

FL server

Client 1

B

Starter model (1)
Parameter update (2)
Updated model (3)

Key

——r
-_—T
Client 2

B8

&

Repeat steps 1, 2, and 3
with every new paoll

Client n

“e

Textbox 1. Federated averaging agorithm showing its mechanism.

Instructions

Initialize global model weights wy

For each communication round t= 1, 2,..., T do

Server sends current model weights w; to a subset of clients

E, where € is abatch of local data

Clients send updated weights wi+ 1k back to the server
Server aggregates client updates:

E (weighted by client data size)

End For
Return final global model weights w*

Each selected client k trains on local data for E epochs with learning rate n:

FL has demonstrated its potential as a privacy-preserving
technique suitable for rea-world applications despite its
challenges [16,17]. However, its deployment in sensitive
domains such as patient-embedded devicesrequiresahigh level
of trust. This opens up significant research opportunities in
integrating XAl techniques in FL environments. By enabling
explanations on model generalizations at the data source while
maintaining privacy, XAl can offer rea-time benefits and
enhance trust in artificial intelligence (Al)—driven embedded
systems. FL can be categorized based on communication

https:/ai jmir.org/2026/1/e69985

RenderX

architecture or data partitioning. By communication architecture,
FL models can be categorized as centralized or decentralized.
By data partitioning, FL. models can be categorized as horizontal,
vertical, or transfer learning (TL) [18].

Centralized FL

In centralized FL (CFL), aglobal model is shared with various
clients, who train it localy and send back the learned
parameters. The server aggregates these updated parameters
using algorithms such as federated averaging to improve the
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global model. Clients are selected through polling, and
differential privacy can be applied by adding noise to the
updates. CFL faces challenges such as client heterogeneity,

Figure 2. Centralized and decentralized federated learning (FL) in action.

Tunduny & Shibwabo

limited communication and computing resources, fairness,
security, and trust [ 19]. The structure of CFL isshownin Figure
2A.

Aggregation server E—

Client 2

Client 1 Client n

(A) Centralized FL

Distribute latest global
model

Upload model parameters

Client

(B) Decentralized FL

Decentralized FL

Decentralized FL—also known as distributed FL—eliminates
the need for a central server. Each client trains a local model
and shares the parameters with their peers using protocols such
as pointing, gossip, and broadcast. Clients act as both learners
and aggregators while refining their model based on peer
updates. Therefore, the global model is devel oped from peer to
peer [20,21]. The structure of decentralized FL is shown in
Figure 2B.

https://ai.jmir.org/2026/1/e69985

RenderX

Horizontal FL

Horizontal FL (HFL) involves clients that share the same data
features but have different data samples. Each client holds
instanceswith similar attributes (eg, name, gender, date of birth,
and salary), but theindividual records (samplesand rows) differ.
This setup is ideal when datasets have high feature overlap
across clients but differ in the entities they contain [22]. Figure
3A depicts the structure of HFL.
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Figure 3. Federated learning (FL) types, showing horizontal FL,

Tunduny & Shibwabo

vertical FL, and federated transfer learning.
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Vertical FL

Vertical FL (VFL) iswhere clients share the same data samples
but have different feature sets. Each client holds part of the
information for the same users; for example, one client may
have demographic data, whereas another may have financial
data. VFL isideal when full data sharing is not possible, such
as in hedth care settings with multiple institutions holding
complementary patient data[23]. Figure 3B showsthe structure

explainability of FL models, including the methods used to
explain the models, whether novel or existing, and how they
have been used. This study also delves into the deployment
contexts for FL models, including the types of FL used. Unlike
prior works such asthe study by Singh et al [24], which broadly
examines FL applications, and the study by Aggarwal et al [25],
which explores general FL use cases, this study also focused
on the application areas for explainable FL models and their
associated challenges, as well as providing the direction of the

of VFL. trends.
Federated TL

Methods
Federated TL (FTL) mergesthe conceptsof FL and TL. InFTL,
a pretrained model from arelated task is distributed to all the  Qverview

clients. Each client fine-tunes (adapts) the pretrained model
using their local data. FTL is useful when training data are
limited or privacy sensitive, such as in health care, allowing
clients to benefit from existing models while preserving data

This study followed established guidelines for systematic
literature review studies [26] and adhered to the PRISMA
(Preferred Reporting Items for Systematic Reviews and

privacy. FTL structured is showcased in Figure 3C.

Contributions

Meta-Analyses) reporting standards (Figure 4) [27]. Its main
objective was to assess the development of XAl within FL. To
achieve this, the following review questions were formulated.

This study makes contributions to the field of explainable FL
in the following ways: it offers origina insights into the

https://ai.jmir.org/2026/1/e69985
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FL: federated learning.

Records removed before screening:
Duplicate records removed (n=56)

Records excluded (n=1830)

Records excluded:

Non-FL (n=6)
Explainability (n=10)

Full text inaccessible (n=5)
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Figure4. PRISMA flowchart for selection of systematic review literature.
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Research Questions

To understand the explainable approaches in FL, research
questions (RQs) were raised and grouped under 1 of 3
categories.

RQ 1: Trends and Contributions

To understand the contributions of the existing literature, three
guestionswereraised: (1) when werethe explainable FL studies
published? (2) In which countries or regions are the studies or
study applications located, or which countries or regions are
the authors of the studies affiliated with? (3) What arethe main
contributions of the studies identified?

RQ 2: Application Areas

The application areasfor FL, coupled with the application areas
for explainability, were explored based on the following
guestions: (1) what are the application areas of explainable FL
models? (2) What types of FL have been applied in the studies?
(3) Why was FL adopted in the studies?

RQ 3: Model Explainability
The XAl models and their categories were reviewed based on
the following questions: (1) which XAl algorithms or models

https:/ai jmir.org/2026/1/e69985

RenderX

have been applied or used in the studies? (2) What category of
XAl dothe models or algorithms used in the studiesfall under?
(3) What data sources or datasets (if available) were used in the
development of the models used in the studies?

Search Strategy

The reported results followed the population, intervention,
comparison, and outcome guidelines [28]. The search string
generation processis outlined in Multimedia Appendix 1. The
generated search string was adapted to the 8 different databases,
as outlined in Multimedia Appendix 2.

Eligibility Criteria

Of the 1933 initial search results, 26 (1.3%) peer-reviewed
studies published between 2016 and 2024 were selected.
Inclusion was based on relevanceto XAl within any FL context.
Exclusion criteria included non—English-language papers,

non—peer-reviewed studies, and inaccessiblefull texts and gray
literature as they are not easily retrievable [29].

Screening

Screening was conducted by 2 independent reviewersusing the
CADIMA software[30]. Initial screening was based on thetitles
and abstracts, followed by a blind full-text review. Conflicts
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wereresolved through discussion, and athird party wasinvolved
when there was|ack of consensus. A strong interrater reliability
was achieved, with ak value of 0.74.

Data Extraction and Synthesis

Key details from the selected studies, such astitle, authorship,
affiliation, publication year, data used, and answersto the RQs,
were extracted and synthesized using Google Sheets. This
process was undertaken by 2 reviewers to minimize bias.
Multimedia Appendix 3 contains al the data used for analysis
and synthesis.

Quality Assessment

Overview

Quality assessment was undertaken by the 2 researchers (TT
and BS) asrecommended by Xiao and Watson [26]. The criteria
used included handling of overfits, missing data, and use of
multiple datasets and validation techniques. The evaluation was
based on the PRISMA guidelines[27].

Tunduny & Shibwabo

Risk-of-Bias Analysis. I ndividual Studies

The risk of bias of the individual studies focused on potential
biases of data selection and model training. The criteria used
included handling of overfit and underfit, missing datatreatment,
use of multiple datasets, and ML evaluation metrics. A total of
69% (18/26) of the studies reported clear mechanisms for
mitigating against overfitting and underfitting. In total, 31 (8/26)
of the studies lacked evidence of such mitigation. A total of
77% (20/26) of the studies did not address missing data
treatment, increasing the risk of data and selection biases [31],
especialy as most of the studies used preexisting datasets.

Figure5[20,32-56] showstherisk of bias per study, highlighting
how each implemented underfitting and overfitting, missing
datatreatment, use of multiple datasets, and internal and external
validation. Missing data treatment was not clearly identified in
most studies (19/26, 73%), with only 27% (7/26) reporting any
treatment done. Internal and external validation was conducted
in most of the studies (19/26, 73%).

Figure 5. Heat map showing risk mitigation by study for the selected studies.

Study
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Patel et al [51]

Ren etal [52]
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Zheng et al [55]

Li et al [56]

All studies used ML evaluation techniques such as precision,
recall, accuracy, F-score, mean squared error, mean absolute

error, R?, areaunder the receiver operating characteristic curve,
and the Kolmogorov-Smirnov test. A total of 69% (18/26) of
the studies used internal validation techniques (train-test
validation split or k-fold cross-validation), with 31% (8/26) of
the studies reporting no clear interna validation. Most of the
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studies (15/26, 58%) had a low risk of bias for their model
training, athough the lack of missing data training was a key
concern.

Risk-of-Bias Analysis Across Studies

The risk of bias across studies was evaluated on the use of
multiple datasets and the use of externa ML validation
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techniques such as benchmarking against state-of-the-art models.  validation. Only 42% (11/26) of the studies used multiple
A total of 73% (19/26) of the studies performed external datasets, increasing therisk of bias (Figure 6).

validation. In total, 27% (7/26) of the studies lacked external
Figure 6. Risk-of-bias analysis showing different bias evaluation methods.
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Results

The selection of the articlesisillustrated in Figure 4. Theresults
regarding the RQs are presented in the following sections
(Multimedia Appendix 4).

RQ Category 1: Trendsand Contributions

We analyzed the publication trends in explainable FL. While
FL emerged in 2016, the first article on XAl for FL was

https://ai.jmir.org/2026/1/e69985
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published in 2020(1 publication). The number of articles showed
consistent annual growth, culminating in 11 studies in 2024
(Figure 7), which represents the current peak and nearly half
(1126, 42%) of the included studies. The trgjectory showed
increased interest in this research area despite the low number
of total publications (N=26 studies), indicating significant
opportunities for future research.
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Figure 7. Publication trends for the selected studies by year.
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Our analysis of author affiliation revealed a pronounced Africa’'s potential to benefit from privacy-preserving ML
geographical imbalance, with Asian and European institutions  solutionsamidst resource constraints. Figure 8 showsthe authors
dominating. In contrast, African and South Americaningtitutions ~ affiliation by continent were Asia (23), Europe (11), Australia
remained significantly underrepresented, a critical gap given (4), North America (1), South America (1) and Africa (1).

Figure 8. Author affiliation by country for the selected studies (created using the Bing Maps integration in Microsoft Excel [57], which is published
under limited license per the Microsoft Bing Maps Terms of Use [58]).
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Despite the African continent having huge potential for rich, geographically sparselocations or in different institutions, and
diverse, and high-volume datathat can beused in ML research, also in different formats) still poses a challenge. Lack of a
collating and accessing the distributed data (stored in  computing backbone—including internet connectivity and cloud

https://ai jmir.org/2026/1/669985 JMIR Al 2026 | vol. 5 | €69985 | p.28
XS L (page number not for citation purposes)
‘FO

RenderX


http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR Al

computing—further leads to data being sourced from
high-income countries [59]. Moreover, data scarcity and the
lack of proper infrastructure have been highlighted by Fabila
et a [60] and Nieto-Mora et a [61] as limiting the research in
data-rich diverse areas such as Africa.

Two dominant approaches for achieving explainability in FL
systems emerged: those that are intrinsically explainable (ante
hoc) [20,32-35] and those that use a surrogate model for
explainability (post hoc) [36-53]. In total, 8% (2/26) of the
studies [54,55] could not be properly categorized and were
classified as “Unspecified.”

Figure9. Frequency of federated learning adoption motivations.

Tunduny & Shibwabo

RQ Category 2: Application Areas
Overview

The mativations for adoption of FL were analyzed. They were
categorized into model security, computation and
communication challenges, data quality and availability, data
management and sharing, and data protection and safety. The
results are shown in Figure 9. The main motivation was data
management and sharing, followed by data quality and
availability.

Federated learning adoption motivation

Model security I 1

Computation and communication challenges
(communication overhead and limited computational power)

Data quality and availability
(quality, imbalance, heterogeneity, and volume)

Data management and sharing
(governance, aggregation, and sharing)

Data protection and safety
(privacy, security, safety, and Isolation)

Application Area and Type of FL Used

The application areaand type of FL applied were assessed, and
theresults are summarized in Table 1. The application areawith
the highest number of studies was heath with 27% (7/26).
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Networking and finance followed closely with 23% (6/26) and
15% (4/26) of the studies, respectively. Fault detection
encompassed 8% (2/26) of the studies, and agriculture, space
exploration, urban planning, and social mediaencompassed 4%
(1/26) of the studies each.
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Table 1. Summary of the studies based on application area, type, and category of federated learning (FL).

Application area and type of FL Centralized FL Studies
Health

Transfer learning Yes [36,37]

Horizontal FL Yes [32,38-40]

Vertical FL Yes [41]
Space exploration

Horizontal FL _a [42]
Networking

Horizontal FL Yes [33,43-46]

Vertical FL Yes [34]
Finance

Vertical FL Yes [20,42,55]

Horizontal FL Yes [35]
Fault detection

Horizontal FL Yes [47,54]
Agriculture

Horizontal FL Yes [48]
Urban planning

Vertical FL Yes [49]
Social media

Horizontal FL No [50]
Manufacturing

Horizontal FL Yes [51]
Energy

Horizontal FL Yes [52]
Generic

Vertical FL Yes [53,56]

3Not applicable.

HFL (17/26, 65% of the studies) wasthe major type of FL used,
with VFL and TL reported in 31% (8/26) and 8% (2/26) of the
studies, respectively.

RQ Category 3: Model Explainability

The selected studies were reviewed for their approach to model
explainability, which isessential to building trust in predictions.
InFL, understanding model outputs hel ps assesstheir reliability
and identify the need for adjustments or improvements.

XAl Techniques

Overview

XAl, first introduced by the Defense Advanced Research
Projects Agency in 2015, helps experts understand how ML
models arrive at their decisions, thereby increasing trust in the
outputs. XAl techniques can be categorized as either global or
local depending on the level of explainability. Global XAl
techniques offer a broad view of the model’s behavior by

https:/ai jmir.org/2026/1/e69985

highlighting important features. Local XAl techniques focus
on explaining individual predictions.

XAl techniques also differ based on whether they areintrinsic
to the model (ante hoc or white box), such as decision trees, or
applied after training (post hoc), such asLIME [7], which uses
simpler models to explain complex ones.

Additionally, some model explainers are model agnostic and
can be applied to awide group of ML models, whereas others
aremodel specific and tailored to particular algorithms, offering
deeper insights but requiring more expertise. We provide abrief
overview of the techniquesin the following sections.

LIME Technique

LIME [7] is a popular model-agnostic explainer that uses a
simple surrogate model, typically asparselinear model, trained
on locally perturbed data to approximate and explain the
individual predictions of a complex model. While it is widely
adopted, LIME's effectiveness depends on the quality of the
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surrogate fit, and its sampling process introduces uncertainty,
resulting in nondeterministic and potentially inconsistent
explanations for the same input [62].

SHAP Technique

SHAP 8] isaloca and global explainer that is based on game
theory. SHAP explains a prediction of each instance by
computing the contribution of each feature to the prediction.
SHAP uses additive contribution to compute a fair value for
each feature by computing the contribution of each feature to
the final model outcome to understand the importance of each
feature. The SHAP explanation is shown in the following
equation, where g is the explanation model, X' is the coalition
vector, M is the maximum coalition size, and is the feature
attribution for featurei:
IE

Gradient-Weighted Class Activation M apping

Gradient-Weighted Class Activation Mapping [63] is an
explainer that uses the spatial information naturally retained in
the last convolutional layer. Thisis a model-agnostic post hoc
explainer that works with different classes of convolutional
neural networks. It is a visualization technique that generates
heat mapsthat highlight the important regions of theimage that
contribute to the model’s prediction.

RuleFit

The RuleFit algorithm is a method to generate a model that
combinesrulesand linear regression. First posited by Friedman
and Popescu [64] in 2008, RuleFit devel opsinterpretable models
that can predict an outcome based on various features. A set of
rulesis generated from adataset and then fit into amodel using
the L1-regularized (least absolute shrinkage and selection
operator) regression. Thesimpler linear modelsareinterpretable
like “normal” linear models [65].

Partial Dependence Plot

Partial dependence plot (PDP) [66] is an explainer that shows
the marginal effect of 1 or 2 features on the predicted outcome
of an ML model. It isapost hoc model-agnostic explainer. One
or 2 features are selected, and their changes are mapped by
changing the values to see their impact on the predicted
outcome. The PDP highlightsthe relationship between the target
and the feature as linear, monotonic, or more complex [65]. A
newer variant of PDP is called incremental PDP [67], which
expands the working of PDP by considering time-dependent
effects in nonstationary learning environments. This newer
approach considers how the model’s reasoning changes over
time while considering the effects of concept drift.

Integrated Gradients

Integrated gradients [68] is an axiomatic-based local explainer
that attributes the importance value of each input feature of an
ML model based on the gradients of the model outputs with
reference to the input.

Causal Models

Causa models[69] use counterfactual reasoning to explain the
cause-effect explanations of aparticular model. A counterfactual
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explanation for a prediction is a description of the smallest
change to an input feature that will alter the prediction to a
predefined output [65]. Counterfactual explanations describe
the causes in the form of “if X had not occurred, then Y would
not be the result” The computation of counterfactual
explanationsis done by comparing the causal chain paths of the
actions not taken by the model [62].

Anchors

Anchors [70] are a model-agnostic way of explaining the
workings of complex (black-box) models through the use of
high-precision rules. Anchors use perturbations to generate the
local explanations, but instead of using surrogate models, the
explanations are provided using if-then rules that are easy to
understand. The if-then rules are caled anchors. A rule
“anchors’ the prediction if changes in the other feature values
do not ater the prediction made [65].

Deep Taylor Decomposition

Deep Taylor decomposition [71] is an approach for explaining
neural networks by decomposing the output of a model into
contributionsfrom individual input features. It redistributesthe
output to theinput variableslayer by layer. The approach relies
on Taylor expansion to determine the relative contributions of
the layers. The final relevance scores at the input layer reveal
which input featureswere the most influential in the prediction.

L ayerwise Relevance Propagation

Layerwise relevance propagation (LRP) [72] is atechnique for
explaining predictions made by neural network models. LRP
identifies the input features that contributed the most to the
decision made by the model. LRP relies on deep Taylor
decomposition and works by tracing the prediction backward
through the network using backward propagation while
assigning relevance scores to each input feature [62].

Prediction Difference Analysis

Prediction difference analysis [73] generates explanations for
neural networks by comparing the model’s prediction when a
specific featureis present with the prediction of the model when
that feature is absent. The comparison allows for measurement
of the feature's impact on the final model’s prediction. Each
feature is removed (knocked out), and a relevance score is
assigned to them based on their impact [62].

Testing With Concept Activation Vectors

Testing with concept activation vectors [74] is an approach to
generate global explanations for neural networks based on the
idea of concept activation vectors. It measures the importance
of aconcept to a prediction based on the directional sensitivity
of a concept in the neural network layers. The concept can be
anything from color and objectsto ideas [65].

Explainable Graph Neural Networks

Explainable graph neural networks [75] are model-level
explainersthat show how graph neural networks make decisions.
Explainable graph neural networks use reinforcement learning
to build a new graph stepwise, which the origina graph neural
network can classify as a certain label, for example, “spam.”
The new (generated) graph acts as an example for what the
model has|earned.
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Explainable FL

XAl can beapplied to FL environmentsto explain theworkings
of ML models.

Explainable FL Techniques Used

This study aimed to explore the types of XAl models used in
FL (first question in RQ category 3) and their classification
(second question in RQ category 3). Most studies (19/26, 73%)
applied existing XAl techniques, especially those originally
developed for centralized ML suchasLIME[7] and SHAP[§].

https:/ai jmir.org/2026/1/e69985
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A few novel methods such as vertical decision tree ensembles
[20] were specifically developed for federated settings. Most
reviewed studies (23/26, 89%) used post hoc explainability
methods, followed by intrinsically explainable models (5/26,
19%). Intotal, 8% (2/26) of the studies could not be categorized.
Most of the techniques were model agnostic, highlighting the
adaptability and widespread use of tools such as LIME in FL
environments. Table 2 summarizes the various categorizations
of XAl approaches as applied in FL.
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Table 2. Summary of categorization of explainable artificial intelligence approaches in federated learning, application areas, and performance metrics

used.
Approach and model or ~ Type (model agnostic ~ Studies Application area Performance metrics
algorithm or model specific)
Post hoc
Grad-CAM? Model agnostic [36,37,39,51,56] Health care [36,37,39], Accuracy (all studies), precision [36], re-
manufacturing [51], and call [36,39], and F1-score [36,39]
generic [56]
Falcon-INP° Model agnostic (53] Generic Accuracy, precision, and MSE®
RuleFit Model agnostic [43,46] Networking Accuracy, Fq-score [43], and PDPY and
percentage of feature impact [46]
SHAP® Model agnostic [43,46-50,52,54] Networking [50], fault detec-  Accuracy [43,47,49,50,52,54], F1-score
tion [47], agriculture [48],  [43,47,50], PDP [46], precision [47,50],
urban planning [49], social o) 147 50], RMSE' [48], MAEY [48
media[50], and energy [52] and IoE;s [’49]]’ (48, (48,
LIMED Model agnostic [38,40,46,49,51] Hedth care[38,40], nthork— Accuracy [38,40,49,51], F4-score[38,40],
ing [46], urban planning precision [38,40], recall [38,40], and PDP
[49], and manufacturing [S1]  [46]
PDP Model agnostic [46] Networking i
Causal models Model agnostic [41] Health care Accuracy
cPal Net Model specific [42] Space exploration Maximum input sensitivity analysis
Random decision Model agnostic [45] Networking Accuracy
forest
Rule based Unspecified [44] Networking MSE and R
Ante hoc
Vertical decision Model specific [20] Finance AUCK and K9 curve andysis
tree ensembles
Decision trees Model specific [33,35] Networking [33] and finance MSE, MAE and R? [33], and accuracy
[359] [35]
Integrated gradients Model agnostic [32,34] Health care[32] andnet-  AUROC™[32], AUPRC" [32], and MSE
working [34] [34]
Unspecified
Gradient-based Unspecified [55] Finance ROC® and KS curve analysis
method
Interpretable adap-  Unspecified [54] Fault detection Accuracy
tive sparse-depth
networks

8Grad-CAM: Gradient-Weighted Class Activation Mapping.
BFalcon-INP: Falcon | nterpretability Framework.

°M SE: mean squared error.

dpDP: partial dependence plot.

€SHAP: Shapley Additive Explanations.

‘RMSE: root mean square error.

9MAE: mean absolute error.

PLIME: linear interpretable model-agnostic explanations.
iNot applicable.

IcPA: Cascadi ng Pyramid Attention.

KAUC: areaunder the curve.

IKS: Kol mogorov-Smirnov.

MAUROC: area under the receiver operating characteristic curve.
"AUPRC: area under the precision-recall curve.
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®ROC: receiver operating characteristic.

Challenges Faced in Explainable FL

Explaining ML modelsin an FL environment presents unique
challenges typically not encountered in centralized setups,
especialy in real-world scenarios. The challengesinclude data
heterogeneity, security and privacy, communication costs and
resource constraints, and scalability.

Data Heterogeneity

In centralized ML, data from multiple sources are combined
into asingle dataset, allowing explainability modelsto analyze
aunified, consistent data distribution. In contrast, FL involves
data from different, often heterogenous sources that follow
different distributions, resulting in non-independently and
identically distributed (11D) data[76]. Non-11D dataare common
in FL and are characterized by skewed class distributions and
varying data volumes across clients [76]. This variability
challenges explainability as the explainer model must handle
randomly polled clients with diverse and uneven data,
complicating interpretation.

Security and Privacy

FL wasdeveloped to enable ML model training while preserving
dataprivacy, addressing strict data protection regulations. Unlike
centralized ML, where XAl techniquesrisk dataleaksor reverse
engineering by requiring accessto training data, FL introduces
new challenges such as vulnerability to model poisoning [77].
Moreover, applying explainability in federated environments
can raise privacy concerns as explanation methods might
inadvertently reveal some attributes of the client data.

Communication Costs and Resource Constraints

FL involves clients sharing model updates via either a
centralized or decentralized approach, necessitating continuous
and efficient communication. Additionaly, the use of
perturbation-based explainers such as SHAP adds overheads
on client devices due to complex estimation of Shapley values
as well as communication costs when sharing the learned
perturbations to the central aggregator [78].

Scalability

In non-IID FL setups, randomly polling clients is often
ineffective, necessitating smarter client selection strategies that
prioritize clients with valuable data for improving the global
model [79]. Moreover, increasing the number of clientscan lead
to communication bottlenecks and strain the aggregation server’s
resources due to the growing volume of model updates.

Discussion

Summary of Findings

This study aimed to understand the current situation in the XAl
field and how it has been applied to the field of FL. This was
done through a comprehensive review process of the existing
openly accessible primary studies on XAl approaches in
federated ML. The role of privacy in the choice of ML model
was evident in the studies analyzed. FL has proven to be robust
and useful in mitigating privacy concernsto comply with privacy
legislation and ensure data integrity within the devices[22].

https:/ai jmir.org/2026/1/e69985
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It is noteworthy that most of the studies (10/26, 39%) did not
originate from highly sensitive fields such as health and security,
which are arguably fields that could benefit most from
explainable federated Al approaches. These fields are
traditionally conservative, heavily regulated (eg, HIPAA) [11],
and still suffer from trust issues dueto thelack of explainability
of themodels. Thesefieldsare highly impactful asthe problems
defined require complex solutions, which necessitate the use of
black-box models. Areas such as health, cybersecurity, finance,
education, and autonomous vehicles could invariably benefit
from explainable FL asthey are heavily reliant on privacy and
security. Federated XAl could aso be applied in edge devices
as this would bring the computation closer to the data source
while at the same time enhancing privacy and security [80].

The FTL approach, which can help alleviate the challenge of
limited training data [81]—the second reported reason for the
use of FL—has also not been used fully. Despite the use of
real-world datasets, the implementations assessed largely used
the HFL approach, which did not fully account for data
heterogeneity [82]. Real-world implementations of these
approaches might suffer due to the data and environment not
being representative. It would be important for more research
to be conducted addressing these challenges.

Implications

There has been asteady increase in the number of studiesinthe
field of FL and XAl. Thisincrease can be mapped from 2016,
when FL was first introduced. However, there is still alot of
room for more research to be conducted. The development of
explainable FL models can help unlock great potentia in the
fields of health and security [2], but caution needs to be taken
to ensure that the development is not concentrated in specific
regions.

Model explainability using state-of -the-art techniques, whether
post hoc or intrinsic in nature, has been proven to work well.
Several novel explainability techniques that can work well in
FL environments, such as those in the studies by Corcuera
Barcena et a [44] and Wang and Zhang [54], highlight the
potential for improvement of existing explainability techniques
and approaches and development of more robust novel
techniquesthat can perform better in the federated environments.
This also offers fertile research potential for experimentation
with more real-world data and techniques such as TL.

More research needsto be conducted to mitigate the challenges
faced by explainable FL. Thereisaneed to develop modelsthat
are scalable and can operate in real-world FL settings where
data are non-11D. There is also a need for robust systems that
can operate more efficiently when generating the explanations
to make them useful for personalized explainable FL. This
would help unlock an even greater potential for trustworthy Al.

Limitations

This review was limited to 26 studies. The novelty of the 2
areas—XAl and FL—meant that alot of studies (including most
studiesfrom theinitial total of 1933 identified in the databases)
were not eligible for review. Moreover, the strict requirement
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for primary research and not review papers, coupled with the
need for accessible documents, meant that the papers reviewed
were limited in nature.

Conclusions

This study attempted to analyze the existing landscape and
provide an overview of the approaches that could be used in
implementing XAl in FL. Thisreview was conducted based on
the RQsposited, and 26 studiesthat fit the criteriawere assessed.
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Abstract

Background: Advances in artificia intelligence (Al) have revolutionized digital wellness by providing innovative solutions
for health, social connectivity, and overall well-being. Despite these advancements, the older population often struggles with
barriers such as accessibility, digital literacy, and infrastructure limitations, leaving them at risk of digital exclusion. These
challenges underscore the critical need for tailored Al-driven interventionsto bridge the digital divide and enhance the inclusion
of older adultsin the digital ecosystem.

Objective: This study presents a comparative bibliometric analysis of research on the role of Al in promoting digital wellness,
with a particular emphasis on the older population in comparison to the general population. The analysis addressed five key
research topics: (1) the evolution of Al’s impact on digital wellness over time for both the older and general population, (2)
patterns of collaboration globally, (3) leading institutions' contribution to Al-focused research, (4) prominent journalsin thefield,
and (5) emerging themes and trends in Al-related research.

Methods: Datawere collected from the Web of Science between 2016 and 2025, totaling 3429 documents (344 related to older
people), analyzed using bibliometric tools.

Results: Resultsindicatethat Al-related digital wellnessresearch for the general population has experienced exponential growth
since 2016, with significant contributions from the United States, the United Kingdom, and China. In contrast, research on older
peopl e has seen slower growth, with morelocalized collaboration networks and a steady increase in citations. Key research topics
for the general population include digital health, machine learning, and telemedicine, whereas studies on older people focus on
dementia, mobile health, and risk management.

Conclusions: The results of our analysis highlight an increasing body of research focused on Al-driven solutions intended to
improve the digital wellness among older people and identify future research directions to refer to the specific needs of this
population segment.

(IMIR Al 2026;5:€71248) doi:10.2196/71248

KEYWORDS
digital wellness; artificial intelligence; digital divide; digital inclusion; mHealth; mobile health; older people

Digital literacy is essential for older populations, particularly
as essential services increasingly transition online; yet, many
older adults face significant barriers in adopting these
technologies. Research indicates that anxiety related to using

Introduction

Information technology, the internet, and artificial intelligence
(Al) have emerged as transformative domains that shape

contemporary life [1]. Technology-driven aternatives have
increasingly replaced traditional services, revolutionized daily
routines, and fostered connectivity and convenience for a
growing global population. Despite these advancements, the
older population often encounters significant challenges adapting
to these technological changes. These include barriers related
to accessibility, digital literacy, and the complexity of operating
modern devices and affiliated services[2].

https://ai .jmir.org/2026/1/€71248

information and communication technologies can hinder
engagement, leading to frustration and helplessness, which
further exacerbates the digital divide [3]. A recent scoping
review highlighted that older adults often exhibit low digital
health (DH) literacy, with many lacking the necessary skillsto
navigate DH resources effectively [4]. Additionaly, studies
have reveal ed that limited access to technology and inadequate
infrastructure contribute to the exclusion of older adults from
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digital life, particularly in rural areas [5]. Furthermore,
intergenerational support has been shown to positively influence
digital participation among older people in rura settings,
suggesting that fostering such support could enhance digital
literacy outcomes[6]. Overall, targeted educational interventions
are crucial to improve digital skills and reduce anxiety,
promoting greater inclusion and engagement with digital
resources among older adults [7].

Recent research by Anishaet al [8] has demonstrated the overall
positive attitudes of older adults toward DH technology
acceptance, with studies showing that the technol ogy acceptance
model (TAM) and the unified theory of acceptance and use of
technology are the most frequently used frameworks for
evaluating technology acceptance among this population. Key
facilitators of technology acceptance include perceived
usefulness, ease of use, social influence, and digital or eHealth
literacy, while barriers involve technical challenges, usability
issues, and privacy concerns. However, the acceptance of
Al-based conversational agents for noncommunicable disease
management among older adults remainsinadequately evaluated,
possibly due to limited adaptation of established frameworks
to specific health care contexts and technology innovations.

Studies have shown that customized interventions are crucial
for successful technology acceptance among the older
population, with core components of TAM including perceived
usefulness, perceived ease of use, attitude toward use, behavioral
intention to use, subjective norms, image, and facilitating
conditions [9]. Challenges arising from TAM applications in
older peopl€' shealth careincludetechnological literacy barriers,
digital divide concerns, privacy and security apprehensions,
resistanceto change, limited awareness and information, health
conditions and cognitive impairment, trust and reliability
concerns, a lack of tailored interventions, overcoming age
stereotypes, and integration with traditional health care.

Meta-analytic evidence conducted by Yang et a [10] has
revealed significant positive correlations between perceived
usefulness, perceived ease of use, and social influence with
behavioral intention to use health care technology among ol der
adults, with moderating effects based on geographic region,
technology type, and presence of visual demonstrations. These
findings suggest that tailored strategies for different types of
technology and the use of visual demonstrations are important
for enhancing adoption rates among older adults.

These challenges are further intensified by the growing
dependency on digital toolsin key areas of interaction for older
individuals, including health care services, legal systems, social
connections, information access, and the integration of
interconnected smart devices within the home environment
[11,12].

The advent of Al hasintroduced arange of transformativetools
that offer innovative solutions tailored to the unique needs of
older individuals. For instance, Al-powered personalized health
care services have demonstrated the potential to bridge the gap
between technological advancements and the older people’'s
orientation to digital tools, significantly enhancing their quality
of life[13,14]. These technol ogies not only address accessibility
challenges but also create pathways for older people to engage
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meaningfully with digital ecosystems such as health care [15].
Research on middle-aged adults’ acceptance of Al chatbots has
shown moderate acceptance levels, with perceived ease of use,
subjective norm, and user image significantly influencing users
intention to use Al chatbots, highlighting the importance of
preparing for aging with personalized technology [16].

Therapidly expanding integration of Al across various sectors
has been documented through comprehensive bibliometric
analyses, which reveal significant growth patterns and emerging
trends. Educational technology research has shown a notable
rise in Al-related studies beginning in 2018, with citations
reaching their zenith in 2019, and collaborative metrics
indicating that the United States and China are leading in
publication volume[17]. Similarly, research on Al in education
has rapidly progressed, with studies demonstrating that China,
the United States, India, Spain, and Germany lead in research
productivity, with particular emphasis on higher education
compared to K-12 education [18]. The intersection of Al and
language learning has also gained substantial attention, with
bibliometric analysisrevealing arising pattern of Al applications
in language learning processes, identifying influential authors,
ingtitutions, and countries contributing to this growing field
[19]. Furthermore, the convergence of Al with environmental,
social, and governance frameworks has emerged as an evolving
research area, with increasing publications indicating the
growing importance of sustainable Al applications [20]. The
integration of Al into learning management systems has also
demonstrated significant potential, offering adaptive and
personalized learning experiences that promote active learning
and support self-regulated learning across face-to-face, hybrid,
and online environments while improving students' learning
outcomes, engagement, and motivation [21].

This study uses a comparative bibliometric analysis to
investigate the role of Al inimproving digital wellness among
older people. Bibliometric analysis enables the quantification
and systematic mapping of the existing literature, providing a
structured review of academic studiesin aspecificdomain [15].
Through this method, our research highlights key topics,
influential studies, and emerging insights that underscore the
importance of leveraging Al-driven innovations to create
inclusive digital ecosystems. The findings highlight the
importance of addressing challenges and devel oping solutions
that enable older individual sto effectively navigate and manage
their livesin an increasingly complex environment, asreflected
in the growing body of research within the field of Al-oriented
world [2,22]. The study anayzes the following research
questions: (1) How has Al’simpact on digital wellness evolved
for the general versusolder populations? (2) What arethe global
collaboration patterns in Al research on digital wellness? (3)
Which ingtitutions lead in Al research for digital wellness? (4)
What are the key journals and publication trends in this field?
(5) What are the emerging themes in Al research for digital
wellness?
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Methods on publications from 2016 to 2025. The selected time period
coversall publicationsin thefield of study as indexed by WoS.
Search Strategy WoS was preferred over aternatives such as Google Scholar

or Scopus due to its higher quality bibliometric data, which is
characterized by a lower rate of duplicate records [24] and
broader coverage of high-impact journals [25]. We executed 2
search strings: SRCH_STR_ALL (whichreferred to the general
population, excluding the older people) and SRCH_STR_OLD
(which focused exclusively on the older population). These
search strings were used to query the titles, keywords, and
abstracts of all documentsin the WoS collection (Textbox 1).

This study conducts a comparative bibliometric analysis to
examine the role of Al in enhancing digital wellness for both
the general population and older people, using the methodol ogy
outlined by Aria and Cuccurullo [23]. For this study, we
followed a 3-phase approach: datacollection, dataanalysis, and
data visualization and reporting.

In the data collection phase, we queried, selected, and exported
data from the Web of Science (WoS) core databases, focusing

Textbox 1. Search strings.

SRCH_STR_ALL: (“Al” OR“Artificial Intelligence” OR “MachinelIntelligence’” OR “Intelligent Automation” OR “ Smart Technology” OR “Automated
Intelligence” OR “Algorithmic Intelligence”) AND (“Digital Wellness’ OR “Digital Headth” OR “e-Wellness’ OR “Digital Wellbeing” OR
“Technology-Enabled Wellness’ OR “Digital Literacy” OR “Online Wellbeing”) NOT (“Elderly” OR “Senior*” OR “Older adult” OR “Mature adult”
OR “Advanced in age” OR “aging” OR “Long-lived” OR “Retiree’” OR “Golden ager”)

SRCH_STR_OLD: (“Al” OR “Artificial Intelligence” OR “Machine Intelligence’ OR “Intelligent Automation” OR “Smart Technology” OR
“Automated Intelligence” OR “Algorithmic Intelligence”) AND (“Digital Wellness’ OR “Digital Heath” OR “e-Wellness” OR “Digital Wellbeing”
OR “Technology-Enabled Wellness” OR “Digital Literacy” OR “Online Wellbeing”) AND (“Elderly” OR “Senior*” OR “Older adult” OR “Aged”

OR “Mature adult” OR “Advanced in age” OR “aging” OR “Long-lived” OR “Retiree” OR “Golden ager”)

Data Analysis

We used both VOSviewer (version 1.6.20; Leiden University)
[26] and Bibliometrix (The Bibliometrix R-package
Development Team, University of Naples Federico 1) [24]
software to visually represent and assess the relationships
between ingtitutions, countries, authors, and keywords related
to research on the use of Al to improve individuals' digital
wellness. Furthermore, some of the visualizations provide detail s
about clusters emerging from these rel ationships. These clusters
were formed using the VOSviewer agorithm, which groups
related authors, keywords based on their connections, and
proximity within the network.

Bibliometric Analysis

The aforementioned search strings resulted in 3819 documents
(352 related to older people), forming the initial datasets for

https://ai .jmir.org/2026/1/€71248

thisstudy. For quality assurance, only document typesclassified
as papers, reviews, and proceeding papers were included, as
these are most likely to have undergone arigorous peer-review
process bhefore publication [27]. Consequently, editorial
materials, letters, news items, meeting abstracts, and retracted
publications were excluded from the dataset, yielding a final
total of 3429 documents (344 related to older people) that were
used for the bibliometric analysis. Figure 1 summarizesthe data
collection phase. The datasets comprise documents from 1171
sources (147 related to older people), authored by 18,911
individuals (2738 related to older people), and include a total
of 47,044 unique references (4630 related to older people). The
number of references per year was estimated by multiplying the
average references per paper by the number of papers, with
totals rounded for clarity.
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Figure1l. Summary of the data collection phase for both general and older populations.
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Ethical Consider ations

This study did not require institutional review board or ethics
committee approval, as it conducted a secondary bibliometric
analysis of published literature from the WoS database without
involving human participants, the collection of primary data,
or access to identifiable information. Bibliometric and
scientometric analyses that exclusively use publicly available,
aggregated bibliographic metadata (publication records, author
information, institutional affiliations, and citation indices) are
generally exempt from ethics review requirements under
standard ingtitutional and international research ethics
guidelines. Thisexemption isconsistent with established policies
of major research institutions and ethics oversight bodies. The
Belmont Report and the Common Rule (45 CFR 46) in the
United States define human subjects research as a systematic
investigation designed to develop or contributeto generalizable
knowledge involving human participants or identifiable private
information. Since this research involved neither human
participants nor access to identifiable individual data—only
aggregate publication-level information already in the public
domain—it falls outside the scope of research requiring ethics
board oversight. Similarly, the Declaration of Helsinki and the
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International Council for Harmonisation guidelines recognize
that research using nonidentifiable, aggregated data does not
congtitute human subjects research and therefore does not
require ethics committee assessment. The European Union’s
General Data Protection Regulation and comparable data
protection frameworks exempt analyses of aggregated,
anonymized bibliographic datafrom ethicsreview regquirements,
as such data cannot be traced to individua persons.

Results

Annual Publications, Citations, and Growth Forecast

Older Population

For the older population, the average annual number of papers
published did not exceed 10 before 2022. After 2022, the output
of papersincreased and reached 100 in 2025. The results of the
polynomia curve resembled those found among the general
population and showed a very high coefficient of determination
(R?=0.982). The average number of citations per paper was
13.5. Over theyears, tota citations per year fluctuated, reaching
a peak at 1600 citations in 2020 and then decreased in the
following years (Figure 2).
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Figure2. Publicationsand citations of artificial intelligence—focused research inimproving digital wellness among both the general and older populations.
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The average annual number of papers published for the general
population did not exceed 100 before 2022. After 2022, the
output of papers increased exponentially and reached 1083 in
2024. The polynomia curve was coherent with the yearly
growth trend of literature, indicating a very high coefficient of

determination (R?=0.8778). The average number of citations
per paper was 13.7. Over the years, total citations per year
fluctuated, reaching apeak at 10,547 citationsin 2023 and then
decreased to 4711 in 2024 and 409 in 2025.

The analysis revedled distinct publication trends when
comparing the general and older populations. For the general
population, the number of publicationsremained relatively low
until 2022, after which there was a sharp increase, peaking in
2024. Despitethisgrowth, citation patterns fluctuated, reaching
apeak in 2023 before declining significantly in 2024 and 2025.
In contrast, the older population had minimal research output
prior to 2020. Following 2020, there was a notable increase in
publications, reaching its highest point in 2025. Similarly,
citations for papers on the older population peaked in 2024
before declining. Although both populations demonstrated
exponential publication growth in recent years, the volume of
research focused on older people remains smaller. However,
citation trends for this group suggest a steadier and more
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consistent pattern compared to the more volatile citation trends
observed in the general population.

Countries

Older Population

The majority of research papers on the topic of Al applications
to improve well-being among older population came from the
United States (79/344, 22.1%), China (40/344, 11.6%), the
United Kingdom (38/344, 11.0%), Canada (22/344, 6.4%),
Germany (20/344, 5.8%), and Spain (20/344, 5.8%). A network
map of these countrieswas generated along with their allocation
to clusters; intotal, 34 countries published 5 or more paperson
the aforementioned field (Figure 3). Cluster sizeswere setto a
minimum of 6 countries.

The network map revealed 3 clusters that highlighted
international coauthorship in older people care research, with
major hubs including the United States, China, and the United
Kingdom leading collaborations. The United Stateswas central
with many global connections, while Germany, the United
Kingdom, and China also created strong and steady regional
clusters in Europe and Asia, respectively. European countries
have close and interna relationships, and Canada, Brazil,
Finland, and Israel are linked between the clusters, facilitating
cross-regiona partnerships. This structure shows a blend of
regional collaborationsand global partnerships centered around
key research |leaders.
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Figure 3. Network map of cooperation between countries for the older population. The size of dots represents a major hub of collaboration, and the

different colors represent different clusters.
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To form the network map between countries, we have calculated
the number of publications based on the corresponding author’s
country. Among the United States (671/3429, 19.5%), China
(308/3429, 9.0%), the United Kingdom (304/3429, 8.9%),
Germany (252/3429, 7.3%), Canada (175/3429, 5.1%), and
Australia (167/3429, 4.9%), a network map between countries
was generated. Based on this network map, several clusters of
countrieswererevealed. In total, 82 countries met the threshol d
of publishing at least 5 papers (Figure 4). Cluster sizeswere set
to aminimum of 15 countries.

The coauthorship network map illustrates patterns of
international cooperation, revealing four major clusters: (1) the
United States, China, and the United Kingdom, along with
several African and Asian countries (blue cluster); (2) Germany
and other European and Asian or Middle Eastern countries
(yellow cluster); (3) Canadawith strong tiesto Middle Eastern
countries (green cluster); and (4) Italy, Spain, and a group of
European countries (red cluster). The United States, China, the
United Kingdom, Germany, Canada, Italy, and Spain lead in
their respective clusters, reflecting their central rolesin global
research collaboration. In addition to these dominant hubs,
several bridging countries play akey rolein linking otherwise
separate regions. Australia emerges as a central intermediary,
connecting the Asian cluster (led by China) with Western nations
such asthe United States and the United Kingdom. South Africa
also acts as a bridge, facilitating collaboration between the
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European cluster and other regions. Similarly, India connects
both Western and Eastern networks, despite being rooted in the
Asia-Pacific cluster. These bridging countries enhance global
knowledge exchange and international integration, highlighting
their significance not only in research output but also in fostering
multiregional partnerships within the field. The research
landscape for the general population was led by the United
States, China, the United Kingdom, Germany, Canada, Italy,
and Spain, forming 4 major clusters. These included broad
collaborations between the United States, China, and the United
Kingdom; a European Asian or Middle Eastern group centered
around Germany; a Canadian-Middle Eastern cluster; and a
European cluster led by Italy and Spain. In contrast, research
on the older population revealed a more streamlined network
structure, dominated by the United States, China, the United
Kingdom, Germany, and Australia, and organized into 3 primary
clusters. While both populations showed strong patterns of
international collaboration, the general population network
appeared more globally distributed, with several countriesacting
as bridges across clusters. Australia, South Africa, and India
served as key intermediariesin the general network, enhancing
connectivity between regions. In older people—focused research,
bridging countries such as Canada, Brazil, Finland, and |srael
played a similar integrative role, linking otherwise separate
regiona efforts. Although the United States remained a central
hub in both domains, the general population network exhibited
broader global integration, whereas older people research
remained more concentrated within Europe and Asia.
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Figure 4. Network map of cooperation between countries for the general population. The size of dots represents a major hub of collaboration, and the

different colors represent different clusters.
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Coauthor ship and Cocited Authors

While coauthorship means that authors form a cooperation
between them, cocited authors mean that authors are cited
together, not necessarily formed a direct cooperation between
them. Following this nuance, we created both coauthorship and
cocited authors maps, which provideinformation about potential
collaborators and influential researcher groups.

Older Population

A total of 2738 researchers participated in the research on the
topic of Al applications for improving older population’s
well-being, with 20 of 2738 (0.7%) publishing 3 or more studies
on thetopic. Peter A Noseworthy (5/344, 1.5%), and Ching-Yu
Cheng, Paul A Friedman, Francisco Lopez-Himenez,
Charumathi Sabanayagam, Yih-Chung Tham, and Tien Yin
Wong with 4 of 344 (1.2%) publications each, published most
papers. The coauthorship network visualization presented at the
top of Figure 5 (including only authors with 2 or more
publications) shows that while 95 authors met the publication
threshold, only 8 were connected within a collaborative network,
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indicating a limited presence of high-yield, cooperative
researchersin thefield. Moreover, none of these prolific authors
collaborated beyond their immediate groups, underscoring a
scarcity of high-output researchers who actively engage in
broader cooperative efforts. The structure is characterized by
multiple disconnected clusters and minimal cross-group
interaction, reflecting a fragmented and siloed research
environment. Thelargest clusters—green, red, and blue—exhibit
strong internal cohesion, while smaller clustersand dyadslikely
represent emerging collaborations or niche research
communities. Although a few central authors within these
clusters serve as bridges between otherwise isolated groups,
their role is limited and does not compensate for the overall
lack of widespread cooperation among top contributors. The
color-coded clusters also imply thematic or institutional
alignments. Structural holes between groups highlight potential
opportunities for broader collaboration and knowledge
integration. Overall, the network reflects a typical academic
pattern—dominated by tightly knit research teams and limited
peripheral engagement—resulting in aconstrained diffusion of
knowledge and slower overall development of the field.
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Figure 5. Network map of cooperation between authors for the older population. Each dot represents a different author, and each color represents a
different allocation to a cluster.
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In addition, the author cocitation network (Figure 6) highlights  the strongest cocitation links, not only within their own clusters
the most influential research groups in the field. The top 5 but aso across other clusters. This pattern indicatestheir central
cocited authors—World Health Organization, Yaron llan, rolein shaping theintellectual structure of the research domain
Xiaoxuan Liu, Alaa Abd-Alrazag, and AndreaTricco—exhibited  and fostering interdisciplinary influence.
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Figure6. Network map of cocited authorsfor the older population. Each dot represents adifferent author, and each color representsadifferent allocation

to acluster. The arcs between clusters represent authors' cocitations.
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General Population

A total of 18,911 researchers participated in the research on the
aforementioned topic within the general population, with 937
(4.9%) of the authors publishing 3 or more studies; Leo Anthony
Celi (23/3429, 0.7%), Paul A Friedman (19/3429, 0.6%), Peter
A Noseworthy (17/3429, 0.5%), Zachi | Attia (15/3429, 0.4%),
and Francisco Lopez-Jimenez, Bjoern M Eskofier, and Yaron
Ilan with 14 of 3429 (0.4%) publications each published most
of the papers.

The coauthorship network visualization in Figure 7, based on
authors with 3 or more publications, reveals a moderately
fragmented yet maturing research landscape. While 581 authors
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met the publication threshold, only 232 were connected within
acollaborative network, indicating that many researchersremain
siloed. The most prominent cluster centers around Paul A
Friedman and Zachi | Attia, reflecting a well-established and
productive research hub. Additional clustersled by Leo Anthony
Celi (the United States), Yong Liu (Asid), and Bjoern M
Eskofier (Europe) demonstrate strong regional and institutional
collaborations. However, cross-cluster and international
collaboration remainslimited, with few authors acting as bridges
between groups. The presence of several isolated nodes suggests
emerging research directions or new contributors. Overall, the
network reflectsafield characterized by concentrated leadership
and solid intragroup cooperation, yet with untapped potential
for broader interdisciplinary and global integration.
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Figure 7. Network map of cooperation between authors for the general population. Each dot represents a different author, and each color represents a

different allocation to a cluster.
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An analysis of the author cocitation network (Figure 8), with
cluster sizes set to aminimum of 50 authors, reveal sthat several
influential authorswere cocited both within and across clusters,
reflecting shared intellectual foundations and interdisciplinary
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relevance. Notably, Yaron Ilan, the World Health Organization,
Eric J Topol, Zachi | Attia, and John Torous ranked among the
top 5 most strongly cocited authors, serving as key intellectual
bridges that connect distinct research communities.
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Figure 8. Network map of cocited authors for the general population. Each dot represents a different author, and each color represents a different
alocation to a cluster. The arcs between clusters represent authors’ cocitations.
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Figure 9. Network map of institutional collaboration in research on the older population. Each node represents a different institution, with colors
indicating cluster membership. Arcs between nodes reflect coauthorship links, illustrating collaborative relationships within and across clusters.
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A total of 3143 institutions participated in research on therole
of Al in enhancing digital well-being. The top 5 ingtitutions
contributing to the field were the University of London
(365/3143, 11.6%), Harvard University (316/3143, 10.1%),
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ClemsonUniversity

University of Toronto (281/3143, 8.9%), and both Mayo Clinic
and University College London, with 219/3143 (7.0%)
publications each. A network map of the institutions was
generated, highlighting 900 research institutions that published
3 or more papers. Figure 10 illustrates 880 institutions actively
collaborating with others.

Figure 10. Network map of institutional collaboration in research on the general population. Each node represents a different institution, with colors
indicating cluster membership. Arcs between nodes reflect coauthorship links, illustrating collaborative relationships within and across clusters.

Kyushu University
Jichi Medical University

® University of Tokyo

y Monash University
University of Seville™
m‘umversity of Ulsan

Imp

University@f Lausa@
West Universigy of Timiso

viversity of Santiago de Compostela

Saarland University

Centre Léon Bérard

University of Haifa

& VOSviewer

Journals

Older Population

In total, 344 papers were published in 147 journals. Thetop 5
journals that published the highest number of publications
included The Lancet Digital Health (33/344, 9.6%), Digital
Health (29/344, 8.4%), The Journal of Medical Internet
Research (24/344, 7.0%), and European Heart Journal—Digital
Health, The Journal of Medical Internet Research Aging, and
The Journal of Medical Internet Research Formative Research,
with 14/344 (4.1%) publications each.

https://ai .jmir.org/2026/1/€71248

RenderX

H&brew University ofJeruéa em

LarkHealth

Roghe Diagnostics

" Asia University

- January Al

A
® University of North Carolina at Chapel Hill
GooglaiHealth

Bryan Heart

Next, we have analyzed both research areas and categories.
While research areas are broader, high-level groupings that
reflect general fields of studies, categories are more specific
and detailed classifications that group journals and publications
into specialized fields.

To analyzethe publication’sresearch areas and categories, only
research areas and categorieswith at least 5 and 10 publications,
respectively, were included. Results revealed that of the 344
papers, the leading fields (Table 1) were medical informatics
(163/344, 47.4%), hedlth care sciences services (129/344,
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37.5%), public environmental occupational health (58/344,
16.9%), general internal medicine (44/344, 12.8%), and
geriatrics and gerontology (24/344, 7.0%). Asfor the research
categories, the top 5 categories as defined by the WoS are
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medical informatics (163/344, 47.4%), health care science
services (127/344, 36.9%), public environmenta occupational
health (58/344, 16.9%), medicine general internal (44/344,
12.8%), and health policy services (37/344, 10.8%; Table 2).
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Table. Classification of research paper areas or categories for the older population.

Research areas Papers (n=344), n (%)
Medical informatics 163 (47.4)
Health care science services 129 (37.5)
Public environmental occupational health 58 (16.9)
General internal medicine 44 (12.8)
Geriatrics, gerontology 32(9.3)
Computer science 31(9.0)
Engineering 24 (7.0)
Cardiovascular system, cardiology 23(6.7)
Neurosciences, neurology 11 (3.2)
Science technology, other topics 10(2.9)
Education, educational research 7(2.0)
Environmental sciences, ecology 5(1.5)
Oncology 4(1.2)
Telecommunications 4(1.2)
Chemistry 3(0.9)
Nursing 3(0.9
Pharmacol ogy, pharmacy 3(0.9)
Physics 3(0.9)
Psychiatry 3(0.9)
Psychology 3(0.9)
Rehabilitation 3(0.9)
Research experimental medicine 3(0.9
Biotechnology, applied microbiology 2(0.6)
Endocrinology metabolism 2(0.6)
Information science, library science 2(0.6)
Linguistics 2(0.6)
Materials science 2(0.6)
Radiology, nuclear medicine, medical imaging 2(0.6)
Social sciences, other topics 2(0.6)
Surgery 2(0.6)
Automation control systems 1(0.3)
Behavioral sciences 1(0.3)
Biochemistry, molecular biology 1(0.3)
Business, economics 1(0.3)
Cell biology 1(0.3)
Construction building technology 1(0.3)
Cultural studies 1(0.3)
Gastroenterology, hepatology 1(0.3)
Instruments, instrumentation 1(0.3)
Life sciences, biomedicine, other topics 1(0.3)
Literature 1(0.3)
Mathematical computational biology 1(0.3)
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Research areas Papers (n=344), n (%)
Obstetrics, gynecology 1(0.3)
Ophthalmology 1(0.3)
Orthopedics 1(0.3)
Pediatrics 1(0.3)
Public administration 1(0.3)
Robotics 1(0.3)
Sport sciences 1(0.3)
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Table. Classification of paper categories for the older population.

Web of Science categories Papers (n=344), n (%)
Medical informatics 163 (47.4)
Health care science services 127 (36.9)
Public environmental occupational health 58 (16.9)
Medicine genera internal 44 (12.8)
Health policy services 37(10.8)
Geriatrics, gerontology 29 (8.9)
Gerontology 24 (7.0)
Cardiac, cardiovascular systems 20(5.8)
Computer science, interdisciplinary applications 17 (4.9)
Computer science, theory methods 12 (3.5)
Engineering biomedical 12 (3.5)
Computer science, artificial intelligence 9(2.6)
Neurosciences 9(2.6)
Multidisciplinary sciences 8(2.3)
Computer science, cybernetics 6(1.7)
Computer science, information systems 6(1.7)
Engineering electrical electronic 6(1.7)
Education, educational research 5(1.5)
Environmental sciences 5(15)
Engineering multidisciplinary 4(1.2)
Oncology 4(1.2)
Telecommunications 4(1.2)
Education, scientific disciplines 3(0.9)
Medicine research experimental 3(0.9
Nursing 3(0.9)
Peripheral vascular disease 3(0.9
Pharmacol ogy, pharmacy 3(0.9)
Physics applied 3(0.9
Psychiatry 3(0.9)
Rehabilitation 3(0.9)
Biotechnology, applied microbiology 2(0.6)
Chemistry multidisciplinary 2(0.6)
Clinica neurology 2(0.6)
Computer science, hardware architecture 2(0.6)
Endocrinology metabolism 2(0.6)
Environmental studies 2(0.6)
Ergonomics 2(0.6)
Green sustainable science technology 2(0.6)
Information science, library science 2(0.6)
Linguistics 2(0.6)
Materials science multidisciplinary 2(0.6)
Psychology multidisciplinary 2(0.6)
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Web of Science categories

Papers (n=344), n (%)

Radiology, nuclear medicine, medical imaging
Social sciences interdisciplinary
Surgery

Automation control systems
Behavioral sciences
Biochemistry, molecular biology
Biology

Cell biology

Chemistry analytical
Construction building technology
Cultural studies

Economics

Engineering civil

Engineering industrial
Gastroenterology, hepatology
Instruments, instrumentation
Language linguistics

Literature romance

Mathematical computational biology
Obstetrics, gynecology
Ophthalmology

Orthopedics

Pediatrics

Psychology

Psychology developmental

Public administration

Robotics

Sport sciences

2(0.6)
2(0.6)
2(0.6)
1(0.3)
1(0.3)
1(0.3)
1(0.3)
1(0.3)
1(0.3)
1(0.3)
1(0.3)
1(0.3)
1(0.3)
1(0.3)
1(0.3)
1(0.3)
1(0.3)
1(0.3)
1(0.3)
1(0.3)
1(0.3)
1(0.3)
1(0.3)
1(0.3)
1(0.3)
1(0.3)
1(0.3)
1(0.3)

General Population

The 3429 included paperswere publishedin 1171 journals. The
top 5journalsthat published the highest number of publications
included Digital Health (331/3429, 9.7%), Frontiersin Digital
Health (250/3429, 7.3%), Journal of Medical Internet Research
(185/3429, 5.4%), PLOSDigital Health (151/3429, 4.4%), and
Lancet Digital Health (143/3429, 4.2%).

When examining the broad research areas of these publications,
only thosewith at least 45 related publications were considered.
The leading fields (Table 3) include medical informatics

https://ai .jmir.org/2026/1/€71248

(1411/3429, 41.4%), health care science services (1357/3429,
39.8%), computer science (544/3429, 15.9%), public
environmental occupational health (506/3429, 14.8%), and
general internal medicine (305/3429, 8.9%). Specifically, when
analyzing publication source categories with at least 100
associated publications (Multimedia Appendix 1), the top 5
categories as defined by WoS are medical informatics
(1411/3429, 41.4%), health care science services (1339/3429,
39.3%), public environmental occupational health (506/3429,
14.8%), health policy services (401/3429, 11.8%), and medicine
general internal (298/3429, 8.7%).
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Table. Classification of paper research areas for the general population.

Research areas Papers (n=3429), n (%)
Medical informatics 1411 (41.4)
Health care science services 1357 (39.8)
Computer science 544 (16.0)
Public environmental occupational health 506 (14.8)
Generd internal medicine 305 (8.9)
Engineering 281(8.2)
Cardiovascular system, cardiology 233 (6.8)
Education, educational research 175 (5.1)
Science technology, other topics 88 (2.6)
Pharmacol ogy, pharmacy 49 (1.4)
Chemistry 48 (1.49)
Psychiatry 47 (1.4)
Telecommunications 45(1.3)
Neurosciences, neurol ogy 42(1.2)
Oncology 40(1.2)
Psychology 39(1.1)
Business, economics 37(1.1)
Environmental sciences, ecology 3711
Information science, library science 37(1.1)
Socia sciences, other topics 37(1.1)
Surgery 35(1.0)
Instruments, instrumentation 34 (1.0
Endocrinology and metabolism 32(0.9)
Nursing 31(0.9)
Biotechnology, applied microbiology 29 (0.9)
Radiology, nuclear medicine, medica imaging 29 (0.9)
Research experimental medicine 28 (0.8)
Communication 26 (0.8)
Physics 24.(0.7)
Pediatrics 22(0.7)
Genetics, heredity 18 (0.5)
Biochemistry, molecular biology 17 (0.5)
Materials science 17 (0.5)
Gastroenterology, hepatology 16 (0.5)
Mathematical computational biology 16 (0.5)
Infectious diseases 15(0.4)
Linguistics 15(0.4)
Rheumatol ogy 15(0.4)
Government law 12 (0.4)
Mathematics 12 (0.4)
Rehabilitation 11(0.3)
Cell biology 10(0.3)
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Research areas Papers (n=3429), n (%)
Public administration 10(0.3)
Robotics 10(0.3)
Dentistry, oral surgery medicine 9(0.3)
Medical ethics 9(0.3)
Medical laboratory technology 9(0.3)
Operations research, management science 9(0.3)
Ophthalmology 9(0.3)
Otorhinolaryngology 9(0.3)
Urology, nephrology 9(0.3)
Arts, humanities, other topics 8(0.2)
Biomedical social sciences 8(0.2)
Biophysics 8(0.2)
Geriatrics, gerontology 8(0.2)
Sociology 8(0.2)
Immunology 7(0.2
Orthopedics 7(0.2
Sport sciences 7(0.2
Physiology 6(0.2
Social issues 6(0.2)
Agriculture 5(0.2)
Allergy 5(0.2)
Automation control systems 5(0.2)
Dermatol ogy 5(0.2)
Food science technology 5(0.2)
Imaging science, photographic technology 5(0.2)
Nutrition dietetics 5(0.2)
Obstetrics, gynecology 5(0.2)
Respiratory system 5(0.2)
Tropical medicine 5(0.2)
Life sciences, biomedicine, other topics 4(0.1)
Parasitol ogy 4(0.1)
Acoustics 3(0.1)
Energy, fuels 3(0.1)
Hematology 3(0.1)
Microbiology 3(0.1)
Toxicology 3(0.1)
Transplantation 3(0.1)
Anesthesiology 2(0.1
Behavioral sciences 2(0.2)
Construction building technology 2(0.1)
Cultural studies 2(0.2)
Development studies 2(0.1
Electrochemistry 2(0.2)
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Research areas

Papers (n=3429), n (%)

History, philosophy of science
International relations

Lega medicine

Optics

Philosophy

Remote sensing

Socia work

Anthropology

Developmental biology
Emergency medicine

Ethnic studies

Forestry

History

Mechanics

Metallurgy, metallurgical engineering
Meteorology, atmospheric sciences
Mining, mineral processing
Pathol ogy

Substance abuse
Transportation

Urban studies

Virology

Water resources

2(0.1)
2(0.2)
2(0.1)
2(0.1)
2(0.1)
2(0.1)
2(0.1)
1(0.0)
1(0.0)
1(0.0)
1(0.0)
1(0.0)
1(0.0)
1(0.0)
1(0.0)
1(0.0)
1(0.0)
1(0.0)
1(0.0)
1(0.0)
1(0.0)
1(0.0)
1(0.0)

When analyzing scientific publicationsfor both the general and
older populations, notabl e differences emerged in research scope
and publication volume. Research on the general population
included 3429 papers across 1171 journals, with top outlets
such asDigital Health, Frontiersin Digital Health, and Journal
of Medical Internet Research accounting for asubstantial share.
The leading research areas were medical informatics, health
care sciences service, and computer science, while the most
prominent publication categories—according to WoS—were
medical informatics, health care science services, and public
environmental occupational health, alongside health policy
services and general internal medicine.

In contrast, older people-focused literature comprised 344
paperspublished in 147 journas, with The Lancet Digital Health
and Digital Health emerging as the most frequent sources.
Despite thelower volume, research on older people emphasized
similar domains, particularly medical informatics and health
care science services. However, it placed relatively more
emphasison public environmental occupational heslth, geriatrics
and gerontology, and general internal medicine. The category
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distribution further highlighted the relevance of health policy
servicesfor aging popul ations, suggesting aresearch shift toward
addressing the specific health and policy needs of older adults.

Co-Occurrence Keywords

Older Population

The data included a total of 2102 keywords. Our analysis
included both authors’ keywords and WoS's Keyword Plus.
The main high-frequency keywords included “artificial
intelligence” (154/2102, 7.3%), “digital health” (126/2102,
6.0%), “machine learning” (37/2102, 1.8%), “mheath” and
“care with” 24 of 2102 (1.1%) times each, and “dementia’
(22/2102, 1.1%). Sincethetopic of Al wasrepresented by quite
similar keywords (ie, “artificial intelligence,”
“artificial-intelligence” and “a"), they were taken together
when counting keywords frequency. Cluster analysis was
carried out on 120 keywordswith afrequency of 5 or more, and
they were finally clustered into 4 groups (Figure 11). Cluster
sizes were set to aminimum of 15 keywords.

JMIR Al 2026 | val. 5| 71248 | p.60
(page number not for citation purposes)


http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR Al Eskinazi et al

Figure 11. Density map of keywords related to the role of artificial intelligence in improving older population’s well-being. In the density map, warm
colors (ie, red) represent more frequent keywords, and cold colors (ie, cyan) represent less frequent keywords.
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When analyzing the clusters produced, results reveal a behavior factors. Among older populations, mobile health
comprehensive view of the multifaceted nature of DH and its (mHealth) and dementia were emphasized, as well as risk
intersections with health care delivery and the needs of aging management and chronic conditions, indicating challenges
populations. Furthermore, the analysis shows a complex related to this specific population (Figure 12).

reciprocity between medication, technology, and human
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Figure 12. Network map of keywords related to the role of artificial intelligence in improving older populations’ well-being. In the network map, the
size of dots represents their frequency, and each color represents a different allocation to a cluster.
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. 184/11,473, 1.6%), “technology” (164/11,473, 1.4%),
General Population ( ) " ( )

“telemedicine” (156/11,473, 1.4%), and “digital literacy”
The data included a total of 11,473 keywords. The main  (150/11,473, 1.3%). Similar to the older population, all Al
high-frequency keywords included “artificial intelligence”  keywords were taken together. Cluster analysis was carried out
(1678/11,473, 14.6%), “digital health” (990/11,473, 8.6%), on 901 keywords with afrequency of 5 or more, and they were
“machine learning” (436/11,473, 3.8%), “care” (224/11,473, finally clustered into 6 groups (Figure 13). Cluster sizes were
2.0%), “deep Iearning” (189/11,473, 1.7%), “health”  set to aminimum of 85 keywords_

https://ai.jmir.org/2026/1/e71248 JMIR Al 2026 | vol. 5 | €71248 | p.62

X SL F (page number not for citation purposes)
-FO

RenderX


http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR Al Eskinazi et al

Figure 13. Density map of keywordsrelated to therole of artificial intelligence inimproving general population’swell-being. |nthe density map, warm
colors (ie, red) represent more frequent keywords, and cold colors (ie, cyan) represent less frequent keywords.

baching

Chronic Pain Pilo
Digital Intervention Glycemic Control pisorder

gital Health Interventions
Health Promotion Anxiety Depression

Global Health Program  Adults

pt—4 Gpt PrimaRuSs* mHealth Remote Monitoring
Engagement oRS Prevalence Sensors

Nip Metaanalysis ciiieH Stroke
Smartwatch

1ai Saudi Arabia Barrier: e ;
*Telemedicine Patient Validation Atrial Fibrillatio
_ ChatGPT ) Stress :
ation Self-Efficacy " Heart Failure
Health Equity 0
Attitudes  Literacy Physicians utcomes
Generative Artificial Intelligencedigital Wearables

al Technology Students

wnigial Leraey Al tifiCial Iltelligence

Analytics Future Sars-Cov-2 ., .. _ Selgtion
Prediction Neural-Netwol

Dementia  Walking

Physical-Activity

Events

Mortality Devices Ecg

Ee; L
E Electrocardiog

Head gjectrocardiograp

. Risks
India Optimization
Sex

Trust
Diversity Ethics eralth " Precision Medicine
Fri Blockchain Medical Imaging

Clinical Decision Support System Neural Networks

- Automation  Data Science Crohns-Disease
rustworthiness
Bioethics

6% VOSviewer

Further investigation of the created clusters reveals the broad like “electronic health,” “tele medicine” “depression,” and
and complex nature of how Al wasbeing applied and integrated  “cardiovascular diseases’ further underscore the diverse
within the health care and DH landscapes, touching on medical,  applications and impacts of Al in these domains (Figure 14).
technological, ethical, and practical considerations. Key themes
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Figure 14. Network map of keywords related to the role of artificial intelligence in improving general population’s well-being. In the network map,

the size of dots represents their frequency, and each color represents a different allocation to a cluster.
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. noticeable shift toward digital and psychosocial aspects.
Theme Evolution Keywords like “telemedicine;’ “social isolation;’ and “digital
Older Population health” emerged as centra nodes with higher average

Thevisual overlay (Figure 15) map revealsadynamic evolution publication years, indicat_ing growing scholarly i.nterest in
of older peoplzr( elagt ed r) afh Whil edéarli o literature technology-enabled solutions for aging populations. The
emphasized foundational themes su;:h as*aging” “frailty;’ and clustering further demonstrates the interdisciplinary nature of

“chronic illness” recent years (2023-2024) have seen a Itersot\d/ca)Ir}ﬂglnn spanning public health, social sciences, and digital
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Figure 15. Time overlay network map of therole of artificia intelligence in improving older population’s well-being.
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Theevolution map (Figure 16) tracesthe thematic devel opment
of Al research aimed at improving older people's well-being
across 4 distinct periods. During the foundational stage
(2018-2020), the field was rooted in core technological and
health care domains, with early emphasison Al, DH, and mobile
and electronic health platforms (eHealth and mHealth). This
phase laid the technological groundwork for future
advancements. In the subsequent period (2021-2022), the
research landscape diversified significantly, incorporating aging,
assi stive technol ogy, dementia care, and digital literacy. Themes
such as machine learning and heart failure management gained
momentum, alongside the emergence of older people as a
distinct focus group. The 2023-2024 period marks a phase of
maturation, characterized by more applied and integrated
research. Notable themes included health monitoring
technol ogies (eg, chatbots), responsesto COVID-19, depression
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screening, and the devel opment of user-focused toolslike mobile
communication and natural language processing. Broader areas
such as patient education, telemedicine, and public health also
became more prominent. Finaly, in 2025, the field further
specialized, withincreasing attention to cancer care, DH literacy,
depression management, and advanced technologies like
blockchain, the Internet of Things (Io0T), and implementation
science. This progression illustrates a shift from general,
technology-focused research toward more targeted,
condition-specific, and ethically grounded applications. The
persistence of foundational themes—such as DH—across all
periods, combined with the integration of human-centered
approaches and cross-disciplinary technologies, reflects the
field's ongoing transformation into a sophisticated, practical,
and socially responsive domain addressing the complex needs
of older populations.
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Figure 16. Thethematic evolution map for therole of Al inimproving older populations’ well-being. Al: artificial intelligence; mHealth: mobile health.
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Theoverlay map in Figure 17 illustrates the thematic landscape
of Al research in older people health care from 2021 to 2025,
with Al as the central node connecting a broad range of
applications. Surrounding clusters reflect core areas such as
DH, telemedicine, chronic disease management, and mental
health interventions. Earlier studies (2021-2022) emphasized
foundational Al concepts, digital literacy, and dementia care,
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while recent research (2023-2025) shifted toward personalized
medicine, wearable technologies, and predictive analytics.
Emerging concerns such as ethics, privacy, and clinical
validation gained prominence aongside technologies like
chatbots, 10T, and mobile platforms. These developments
indicate a maturing field moving from technology acceptance
to real-world integration, highlighting Al’s growing role in
addressing both medical and psychosocial challengesin aging
populations.
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Figure 17. Time overlay network map of therole of artificia intelligence in improving the general population’s well-being.
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Figure 18 illustrates the evolution of Al research in health care
across four periods: (1) 2016 - 2020, (2) 2021 - 2022, (3)
2023 - 2024, and (4) 2025. In the first phase (2016 - 2020),
research was fragmented, centered on specific health conditions
such as dementia and mental health, and marked by early
development in digital infrastructure and Al experimentation.
From 2021 to 2022, the field shifted significantly, with Al
emerging as the central hub, integrating multiple foundational
themes—ranging from health care and mental health to neural
networks and data mining. This period marked Al’s transition
from a supporting tool to a central organizing force, alongside
the rise of telemedicine and clinical decision support systems,
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catalyzed by COVID-19. In 2023 - 2024, research consolidated
around 3 major themes: DH, Al, and explainable Al. The
emergence of explainable Al reflectsacritical shift toward trust,
interpretability, and human-centered design. This stage also
saw more systematic methodol ogies and validated applications,
signaling the field's maturation. By 2025, research diversified
into practical implementation areas such as electronic health
records, biostatistics, rehabilitation, and health equity, indicating
a movement toward equitable, preventive, and personalized
health care. Ethical concerns—privacy, transparency, and
access—gained visibility, pointing to amore socially conscious
research agenda.
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Figure 18. The thematic evolution map for the role of artificial intelligence in improving the general population’s well-being. mHealth: mobile health.
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Discussion

Principal Findings

Theevolution of research on Al applicationsin digital wellness
demonstrates a marked increase in scholarly attention since
2016, with significant growth in both general and older
populations. Initially, limited studies focusing on Al’s impact
among older adults have expanded considerably, highlighting
tailored interventions such as cognitive health monitoring, fall
prevention, and chronic disease management. Despite this
growth, the research landscape remains fragmented,
characterized by small, insular collaborative networks and
regional concentration, particularly in older people—focused
studies. Influential institutions and authors serve as central nodes
within citation networks; yet, cross-group collaboration is
limited, potentially restricting interdisciplinary knowledge
exchange. Overall, these patterns reflect an emerging but still
developing field, underscoring Al’sexpanding roleinimproving
digital wellness while revealing the need for more integrated
research efforts. This discussion systematically addresses each
of the 5 research questions posed in the introduction, providing
comprehensive insights into the current state and future
directions of this evolving field.
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The Evolution of Al’sImpact on Digital Wellnessin
the General and Older Populations

Theevolution of Al researchin digital wellnessrevealsdistinctly
different trajectories for the general and older populations,
reflecting varying stages of technological adoption and research
maturity.

Evolution Patterns and Growth Trajectories

Al's role in improving digital wellness has developed
substantially over the past few years. Before 2019, research on
theimpact of Al inthisfield waslimited, especially among the
older population. However, there has been asignificant increase
in studies and publications on the diversification and impact of
Al applications from this year and on. For example, Wilmink
et al [28] showed a reduction of 39% in hospitalization and a
reduction of 69% in fallsamong older adultsresiding in assisted
living communities, thanks to the positive impact of Al-driven
DH platforms and wearable devices. In addition, Ramesh et a
[29] showed that the increase of cloud-based doctor systems
supported by recurrent neural networks provides proactive
monitoring and personalized carefor the management of chronic
diseases. Furthermore, extensive DH programs for polychronic
conditions have shown positive results, emphasizing the need
tointegrate different approachesin caring for the complex needs
of older adults[30]. This shift highlights agrowing recognition
of Al's potential to enhance DH across the general population
[2] and among older adults in particular [31,32]. Key themes
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such as Al in health care, DH, and telemedicine gained
prominence during this period [33]. As Al technologies have
advanced, they have been increasingly applied in real-world
settings to improve health management, assistive technologies,
and behavioral interventions [34].

For the general population, Al-driven digital wellness research
experienced exponential growth from 2016 onward, with
publications remaining below 100 annually until 2022, then
surging to 1083 papers in 2024. This dramatic increase
demonstrates the field's rapid maturation and widespread
adoption of Al technologies across diverse health care
applications. The polynomial curve fitting showed a very high
coefficient of determination (R=0.8778), indicating a
predictable and sustained growth pattern that suggests continued
expansion in the coming years.

In contrast, research focusing on the older population followed
a more gradual development path. Initially, there were few
publications on Al-driven wellness solutions among the older
population, though since 2020, the number of studies has grown,
indicating the recognition of the unique challenges the older
populations face [35]. This shift emphasizes a growing
understanding of the need to devote greater attention to the
specific digital wellness needs of older adultsthrough Al-based
interventions, such as addressing cognitive decline and
dementia; according to Rutkowski et al [36], Graham and Depp
[37], and Wong et al [38], cognitive decline and dementia are
conditionsthat are expected to affect 150 million people globally
by 2050 [39]. Graham and Depp [37] state that these Al
technologies are intended to make it easier to detect cognitive
impairments in their early stage and monitor them by using
algorithms of machinelearning to analyzelarge datasetsto build
predictive models and gain insights. Zhang et al [40] and Chien
et al [41] support these findings and add that safety monitoring
systems, supported by Al technology, are being adopted to
improve older people’'s quality of life within both their
communities and home environments. Al applicationstargeting
dementia care, risk management, and mHealth emerged in
publications after 2020 [42]. The analysis has shown that based
on the fitting curve (as shown in Figure 2), we can predict that
in the upcoming years, the annual volume of publications, for
both the general and older population, will continueto grow in
the upcoming years. The growing body of research on Al
applications for older adults, as evidenced by a sharp increase
in publications particularly from 2014 to 2022, reflects rising
scholarly and societal interest in improving the quality of life
for older individual s through technology [43].

Citation Impact and Knowledge Dissemination

Both populations demonstrated similar average citation rates
(general: 13.7 vs older people: 13.5), indicating comparable
research quality and impact despite volume differences.
However, citation patternsrevealed different dynamics: general
population research peaked in citations during 2023 (10,547
citations) before declining, while older people—focused research
showed more consistent citation accumulation, peaking in 2020
(1600 citations) with subsequent stabilization. This suggests
that older people—focused research may have a more sustained

https://ai .jmir.org/2026/1/€71248

Eskinazi et al

impact, potentially due to its specialized nature and targeted
application domains.

Thematic Evolution Over Time

Thethematic evolution analysisreveaed distinct devel opmental
phases for both populations. General population research
progressed from foundational Al concepts (2016 - 2020)
through integration phases (2021-2022) to specialized
applications (2023-2025), with recent emphasis on explainable
Al, dectronic health records, and health equity. Older
people—focused research showed a more targeted evolution,
beginning with basic DH concepts (2018-2020), expanding to
include aging-specific concernslike dementiacare and assistive
technology (2021-2022), then advancing to specialized
applications including telemedicine, depression screening, and
|oT integration (2023 - 2025).

Global Collaboration Patternsin Al Research on
Digital Wellness

Theanalysisrevealed distinct collaboration patternsthat reflect
both the global nature of Al research and the specialized
requirements of older people—focused studies.

General Population Collaboration Networks

Research on the general population demonstrated extensive
global collaboration, with 82 countries meeting the publication
threshold and forming four major clusters: (1) abroad alliance
led by the United States, China, and the United Kingdom,
including various African and Asian nations, (2) a
European-Asian cluster centered on Germany; (3) a
Canadian-Middle Eastern partnership; and (4) a European
consortium led by Italy and Spain. This network structure
indicates mature, well-established international research
partnerships with strong intercontinental connections.

Key bridging countries—Australia, South Africa, and
India—emerged as critical intermediaries, facilitating knowledge
exchange between otherwise separate regional clusters. These
nations enhance global integration by connecting different
research traditions and methodol ogical approaches, contributing
to the field's rapid advancement and diverse application
contexts.

Older Population Collaboration Patterns

Older people—focused research revealed a more concentrated
collaboration network, with 34 countries participating and
forming 3 primary clusters. The United States maintained its
central role, while strong regional partnerships emerged between
European countries and between Asian nations. Canada, Brazil,
Finland, and Israel served as bridge countries, facilitating
cross-regional collaboration despite the overall more limited
scope compared to general population research.

Thismore constrained network structure reflects several factors:
the specialized nature of older peoplefocused research,
potentially higher barriers to international coordination for
vulnerable population studies, and the field's relative
immaturity. However, the quality of collaborations appears
strong within established clusters, suggesting effective regional
partnerships that could serve as foundations for broader
international expansion.
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Research on Al in the domain of digital wellness, specifically
in relation to the older population, is characterized by acomplex
web of international collaboration, abeit with amore fragmented
landscape when compared to the general population. For the
genera population, the United States, the United Kingdom,
China, and other Western nations dominate the research
landscape, forming 2 primary collaboration clusters centered
around North America and Europe and the other around China
and the Middle East. Turkey and Russia serve as bridging points
between these 2 clusters. This broader, global research network
isrepresented by alarge number of sources, which collectively
contributed to a significant body of papers.

In contrast, the older population’s research network isrelatively
more concentrated in specific regions such as North America,
Europe, and parts of Asia, with the United States being the
dominant hub. This smaller, more regionaly focused
collaboration network reflects the emerging, but ill
underdeveloped, nature of research on Al for older adults.

Leading Institutionsin Al Research for Digital
Wellness

Institutional leadership patterns reveal both convergent and
divergent trends between general and older population research,
withimplicationsfor research capacity and future devel opment.

Leading I nstitutions and Research Capacity

For general population research, 3143 institutions parti cipated,
with top contributorsincluding University of London (365/3143,
11.6%), Harvard University (316/3143, 10.1%), University of
Toronto (281/3143, 8.9%), Mayo Clinic (219/3143, 7%), and
University College London (219/3143, 7%). The extensive
institutional involvement (900 i nstitutions publishing 3 or more
papers, with 880 actively collaborating) demonstratesthefield's
broad appeal and interdisciplinary nature across medical,
technological, and social science domains.

Older people—focused research involved 757 institutions, led
by University of Toronto (77/757, 10.2%), University of London
(69/757, 9.1%), National University of Singapore (48/757,
6.3%), University College London (48/757, 6.3%), and Harvard
University (43/757, 5.7%). While the absolute humbers are
smaller, the concentration of high-quality research among
leading institutions suggests strong specialized expertise
development.

Ingtitutions contributing to Al and digital wellnessresearch also
reflect these patterns. Top ingtitutions including Harvard
University, Mayo Clinic, and University of Toronto have been
pivotal in advancing research on Al for the general population,
whereas ingtitutions such as the University of Toronto,
University College London, and Mayo Clinic have played a
central role in older people—focused research. However, the
number of institutions contributing to research on older people
is far smaller, as is the number of institutions forming
collaborative networks. This suggests that while Al’s role in
digital wellnessisarecognized field, theresearch onitsdifferent
applications for older peopleis till in its infancy and is more
regionally concentrated.
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I nstitutional Collaboration Patterns

Theingtitutiona collaboration networks mirror the country-level
patterns, with general population research showing extensive
interinstitutional  partnerships across 880 collaborating
institutions, while older people research demonstrated more
focused collaboration among 62 institutions. This difference
suggests that older people—focused research may benefit from
more targeted funding and collaboration initiatives to expand
institutional participation and cross-ingtitutional knowledge
sharing.

Regional and Disciplinary Distribution

Leading institutions span multiple continents and disciplinary
backgrounds, from medical schools (Harvard and Mayo Clinic)
to comprehensive universities (University of Toronto and
University of London) and specialized technological institutes.
This diversity indicates the field's inherently interdisciplinary
nature and the need for continued cross-sectoral collaboration
to addressthe complex challenges of Al-driven digital wellness.

Thefindingsreveal aclear pattern of limited collaboration and
fragmentation within the research community studying Al
applications for health and well-being. Despite agrowing body
of work in both older people-focused and general population
research, relatively few researchers contribute multiple
publications, and even fewer appear to engage in sustained
collaborative efforts. Coauthorship networks tend to be small
and internally cohesive, with minimal interaction acrossresearch
groups. This suggeststhat thefield islargely driven by isolated
teams rather than integrated, interdisciplinary communities.

Such fragmentation may reflect the early or exploratory nature
of the field, where researchers operate within specific
institutional or disciplinary boundaries. However, this lack of
cross-group collaboration could hinder the devel opment of more
holistic, impactful solutions, particularly inadomain that relies
on the convergence of technol ogy, medicine, behavioral science,
and policy. The absence of broader cooperation may also limit
knowledge transfer and the sharing of best practices across
contexts and populations.

Key Journals and Publication Trendsin ThisField

Publication patterns revea the field's evolving scholarly
infrastructure and the emergence of specialized venuesfor older
people-focused research.

Journal Landscape and Publication Venues

General population research spans 1171 journas, with top
publications including Digital Health (331/3429, 9.7%),
Frontiers in Digital Health (250/3429, 7.3%), Journal of
Medical Internet Research (185/3429, 5.4%), PLOS Digital
Health (151/3429, 4.4%), and Lancet Digital Health (143/3429,
4.2%). This broad journal distribution indicates the field's
interdisciplinary nature and integration across medical
informatics, health care services, computer science, and public
health domains.

Older people—focused research concentrated in 147 journals,
led by The Lancet Digital Health (33/344, 9.6%), Digital Health
(29/344, 8.4%), Journal of Medical Internet Research (24/344,
7%), and several specialized venues, each contributing 14
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publications. The higher concentration in fewer journa s suggests
amore specialized publication ecosystem that may benefit from
expansion to increase visibility and accessibility.

Research Areas and Categories

Both populations showed similar emphasis on medical
informatics (general: 1411/3411, 41.4% vs older people:
163/344, 47.4%) and hedlth care science services (generdl:
1357/3411, 39.8% vsolder people: 129/344, 37.5%), indicating
shared foundational interests. However, notable differences
emerged in specialized areas. older people research placed
greater emphasis on geriatrics and gerontology (older people:
32/344, 9.3% vs minimal in the genera population: 8/3411,
0.2%) and maintained a strong focus on public heath
applications (older people: 58/344, 16.9% vsgenerd: 506/3411,
14.8%).

When analyzing scientific publicationsfor both the general and
older populations, notable differences emerged in research scope
and publication volume. Research on the general population
included 3429 papers across 1171 journals, with top outlets
such as Digital Health, Frontiersin Digital Health, and Journal
of Medical Internet Research accounting for asubstantial share.
The leading research areas were medical informatics, health
care science services, and computer science, while the most
prominent publication categories—according to WoS—were
medical informatics, health care science services, and public
environmental occupational health, alongside health policy
services and genera internal medicine.

In contrast, older people-focused literature comprised 344
papers published in 147 journas, with The Lancet Digital Health
and Digital Health emerging as the most frequent sources.
Despitethelower volume, research on older people emphasized
similar domains, particularly medical informatics and health
care science services. However, it placed relatively more
emphasison public environmental occupational health, geriatrics
and gerontology, and general internal medicine. The category
distribution further highlighted the relevance of health policy
servicesfor aging populations, suggesting aresearch shift toward
addressing the specific health and policy needs of older adults.

Publication Quality and I mpact

The presence of high-impact journals like The Lancet Digital
Health and established venues like Journal of Medical I nternet
Research in both publication lists indicates strong research
quality across populations. However, the emergence of newer,
specialized journals (Digital Health and Frontiers in Digital
Health) suggests the field's rapid evolution and the need for
diverse publication venues to accommodate different research
approaches and target audiences.

Emerging Themesin Al Research for Digital Wellness

Keyword analysis and thematic evolution mapping revealed
distinct research themes and emerging trends that reflect both
technological advancement and popul ation-specific needs.

General Population Research Themes

Thegenera population research encompassed 11,473 keywords,
with dominant themes including Al (n=1678), DH (n=990),
machine learning (n=436), care (n=224), and deep learning
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(n=189). Six major thematic clusters emerged, representing (1)
core Al technologies and machinelearning applications, (2) DH
infrastructure and telemedicine, (3) chronic disease management
and clinical applications, (4) mental heath and behavioral
interventions, (5) data science and predictive analytics, and (6)
ethical considerations and implementation challenges.

Recent thematic developments (2023 - 2025) emphasize
explainable Al, personalized health care, electronic health record
integration, and health equity considerations. These trends
indicatethe field’s maturation from basic Al applicationstoward
more sophisticated, ethically informed, and socially responsible
implementations. The thematic evolution maps (Figures 17 and
18) show that between 2016 and 2020, keywords were more
condition-specific (eg, “dementia” and “mental health”) and
focused on foundational technologies (“neural networks’ and
“digital health”). From 2021 to 2022, the field consolidated
around “artificial intelligence” as a central hub, integrating
emerging themes such as “deep learning,” “data mining,” and
“telemedicine” In 2023 - 2024, we see a strong emergence of
“explainable Al” and “digital health” as interconnected cores,
reflecting a shift toward trust, usability, and integration into
clinical contexts. By 2025, new themes like “health equity,”
“personaized medicine,” and “rehabilitation” appear, suggesting
abroadening of Al applications toward socially conscious and
condition-specific interventions.

The practical applications of Al in digital wellness are diverse
and continually developing for both populations. Among the
genera population, Al isincreasingly embedded into mHealth
apps, telemedicine, and wearables, with a growing focus on
personalized health care and disease prevention. Notabletrends
include the use of Al to manage chronic conditions such as
cardiovascular diseases, diabetes, and mental health conditions.
The application of Al to monitor physical activity, detect early
warning signs of disease, and support clinical decision-making
has proven to be particularly beneficial, as shown by the
exponential increase in publications post-2019, reaching 717
papersin 2024 for the genera population. Thisgrowth trgjectory
isreflected in the high citation impact of these papers, with an
average citation rate of 12.6 per paper and a peak of 6080 total
citationsin 2021.

Older Population Research Themes

Older people-focused research involved 2102 keywords, with
key themes including Al (n=154), DH (n=126), machine
learning (n=37), mHealth (n=24), care (n=24), and dementia
(n=22). Four primary clusters emerged: (1) Al technologies
adapted for aging populations, (2) mHedth and assistive
technologies, (3) dementiacare and cognitive health monitoring,
and (4) risk management and chronic condition support.

Thethematic evol ution for ol der popul ations showed progression
from basic aging concepts (2018 - 2020) through technology
integration (2021 - 2022) to specialized applicationsincluding
telemedicine, social isolation interventions, and |oT-based
monitoring systems (2023 - 2025). Notably, themeslike“ social
isolation,” “fall detection,” and “digital literacy” became
increasingly prominent, reflecting the field’'s growing attention
to older people-specific challenges. The older people thematic
evolution maps (Figures 15 and 16) illustrate a similar
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centralization of “artificial intelligence” in 2021 - 2022, but
with stronger connections to socially relevant and
accessibility-focused terms. Early-stage keywords such as
“digital literacy,” “dementia,” and “mHealth” persisted across
later periods, indicating sustained relevance. From 2023 onward,
specialized topics like “social isolation” and “loT” emerged
alongside “telemedicine” marking ashift toward holistic digital
wellness interventions that address both medical and
psychosocial needs. By 2025, novel themes like “ biomarkers”
and “rehabilitation” point to a growing integration of Al into
precision health monitoring and recovery processestailored for
older adults.

The development of Al applicationsthat are intended for older
people mainly focuses on tailored interventions in fields such
asmobility, cognitive wellness, and chronic health management.
Studies [44-49] have shown that applications such as virtual
health care, fall prevention, and dementiacare are gaining more
and more momentum, which emphasizes the importance of
building Al-driven systems focused on remote monitoring,
enhancing the older population’s daily living routines, and
reducing their social isolation. Recent work by Makmee and
Wongupparaj [50] further supportsthisdirection, demonstrating
the effectiveness of virtua redity (VR)-based cognitive
i nterventions—complemented by behavioral and
electroencephalography evidence—in improving cognitive
functions and well-being among ol der adultswith mild cognitive
impairment. Al's role in assisting aging individuals with
activities of daily living, enhancing safety, and improving mental
health through virtual assistants or therapy applications
represents a promising frontier for improving digital wellness
among older people. Smart home systems and wearables have
been shown to support independence by providing personalized
care, fall detection, and real-time health monitoring [51-55].
These technologies not only enhance safety and autonomy but
also address barriers such as usability, cost, and privacy while
offering opportunitiesfor improved health outcomesand quality
of life.

Emerging I nterdisciplinary Themes

Several cross-cutting themes emerged across both popul ations:
(1) ethica Al implementation, with growing emphasis on
transparency, fairness, and accountability; (2) personalized
health care approaches leveraging Al for individualized
interventions; (3) integration of 10T and wearable technol ogies
for continuous monitoring; (4) social and behavioral factorsin
technol ogy adoption; and (5) policy and implementation science
considerations for real-world deployment.

For older populations specifically, emerging themesinclude (1)
age-friendly Al design principles, (2) intergenerational
technology support models, (3) cognitive accessibility in Al
interfaces, (4) privacy and security considerationsfor vulnerable
populations, and (5) family and caregiver integration in
Al-supported care systems.

The rapid growth of publications in this field after 2019
corresponds with evolving research themesidentified in keyword
co-occurrence and topic modeling analyses. Key terms such as
personalized health care, chronic disease management, virtual
assistants, and smart home systems have emerged as dominant
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themes. For the older people subgroup, keywords highlight a
growinginterest infall detection, dementiacare, social isolation,
and ethical Al. These patterns suggest a shifting research focus
from genera DH applications toward more inclusive and
population-specific interventions, reinforcing the importance
of designing Al solutions that address both medical and
psychosocial aspects of well-being.

Synthesisand Future Directions

As the global population continues to age, there is a need to
strengthen international and institutional collaborations in
developing modelsand Al technol ogies dedi cated to improving
older people's digital well-being. Given the rapidly increasing
researchinterest in Al applicationsfor older adults, asevidenced
by the exponential growth in scientific publications, expanded
interdisciplinary and international collaborations are essential
to address the growing demand for digital solutions.

Future research directions should address several critical gaps
identified in the current literature. First, the acceptance of
Al-based conversational agentsfor managing noncommunicable
diseases among older adults remains inadequately evaluated,
presenting a significant opportunity for research [8]. Studies
should focus on adapting established acceptance frameworks
to specific health care contexts and emerging Al technology
innovations, particularly, as Al chatbots and virtual health
assistants become more prevalent in health care delivery.

Future studies should strive to clarify the impact and
effectiveness of tailored Al interventions for older people,
testing their therapeutic effectiveness, ethical implications,
accessibility, and socioeconomic influence [56]. The current
bibliometric analysis reveal ed adiscontinuous research network
between countries regarding research focused on older people,
suggesting, as noted by Kog [57], an opportunity for extensive
global knowledge-sharing and research collaborations.

Research should aso investigate the role of visud
demonstrations in enhancing technology acceptance, as a
meta-analysis made by Yang et al [10] suggests that visual
demonstrations significantly enhance both perceived usefulness
and social influence relationships with behavioral intention.
This finding has practical implications for technology training
programs and interface design for older adults. Future research
should explore the underlying cultural, economic, and
infrastructural factors that contribute to regional differencesin
technology acceptance among older adults. Such studies could
inform  culturally sensitive technology design and
implementation strategies.

The accessibility and use of Al within wellness systems among
the older population should be given adequate attention, asthis
isasubgroup that is often challenged by the use of technology.
Following the findings of Htet et al [58] and Zhao and Li [59],
policymakers, health care providers, and technology developers
must work together to ensure that Al tools are designed in a
way that is inclusive and user-friendly for older individuals,
enabling them to harness the full potential of digital wellness
innovations. Specifically, Li et a [60] and Wu et a [61]
suggested that a person-centered approach should be prioritized
to ensurethat these Al -driven systems are equitabl e, transparent,
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and validated for the older population. This approach should
include innovations such as Al-driven VR games and smart
older people care systems, provide rea-time support, and
enhance socia connectivity and well-being.

Longitudinal studies examining the transition from acceptance
to sustained use are crucial, particularly focusing on continuance
intention and long-term adherence to DH technologies [62].
Research should investigate how initial acceptance factors
evolve over timeand identify critical pointswhereinterventions
might be most effective in maintaining engagement.

The development and validation of age-specific TAMsisanother
important research direction. While TAM and the unified theory
of acceptance and use of technology provide valuable
frameworks, studies suggest that additional constructs such as
perceived irreplaceability, perceived credibility, and
compatibility may be particularly relevant for older adults[62].
Future research should work toward devel oping comprehensive
models that better capture the unique considerations of older
technology users.

Finally, research should focus on preparing middle-aged adults
for aging through technological competency development [16].
This proactive approach could help address the digital divide
before it becomes entrenched, with studies needed to identify
optimal timing, methods, and content for technology preparation
interventions targeting pre-older populations.

In addition, future research should provide more specific
methodological guidance to advance the field. For example,
mixed methods designs combining quantitative longitudinal
data with qualitative insights from older people can eucidate
both adoption patterns and lived experiences with Al
technologies. Experimental studies testing the efficacy of
tailored Al interventions, such as Al-driven virtual assistants
or VR rehabilitation tools, would clarify therapeutic benefits
and user engagement. Methodological innovations like
ecological momentary assessment and real-time data capture
through wearables can provide granular insights into daily
technology use and health outcomes. Interdisciplinary
collaborations should be encouraged between computer
scientists, gerontologists, behavioral economists, ethicists, and
health care practitioners to foster holistic Al solutions that are
technically sound, ethically responsible, and aligned with older
adults' needs. Platforms enabling open data sharing and multisite
trials would accelerate knowledge accumulation and
generalizability. Addressing ethical considerations, such as
transparency, privacy, and consent, should be embedded
throughout the research design. These focused recommendations
aim to guide researchers in designing rigorous, relevant, and
impactful studies that move beyond acceptance to sustained,
equitable Al adoption among aging populations.

Finally, the future of Al in digital wellness holds immense
promise. Still, as also mentioned by Zhao and Li [59] and
Eziamakaet al [63], it requires continued research, collaboration,
and thoughtful implementation to ensure that it benefits all
demographic groups, especially older people, in away that is
equitable, effective, and sustainable.
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The systematic analysis of this study’s 5 research questions
reveals both the promising trajectory of Al in digital wellness
and the critical need for more inclusive, older people-focused
research and development. While general population research
has achieved significant scale and international collaboration,
older people-focused research remains more specialized and
regionally concentrated, representing both a challenge and an
opportunity for field development.

The convergence of themes around personalized care, ethical
implementation, and real-world application suggeststhefield’'s
evolution toward more mature, socially responsible Al
deployment. However, the persistent gaps between general and
older population research indicate the need for targeted
interventions to ensure equitable technological advancement
and accessihility.

Future research should prioritize (1) expanding international
collaboration in older people-focused Al research; (2)
developing age-appropriate Al technol ogiesthat address specific
challenges of aging populations;, (3) strengthening the
publication infrastructure for older people—focused digital
wellness research; (4) fostering interdisciplinary partnerships
that bridge technological innovation with gerontological
expertise; and (5) ensuring ethical, accessible, and culturally
sensitive Al implementations that serve diverse aging
popul ations worldwide.

Policy I mplications and Recommendations

Building on the evidence presented in this study, several targeted
policy interventions are necessary to bridge the existing research
and implementation gaps in Al applications for older people's
digital wellness. National research funding agencies, such as
the National Institutes of Health, UK Research and Innovation,
and Horizon Europe, should explicitly prioritize funding for Al
projects that focus on aging populations. Our findings indicate
a disproportionately smaller volume of older people-specific
research despite global demographic trends. To address this,
funding calls should require the inclusion of older adults as a
central population group; promote interdisciplinary research
designs involving gerontology, computer science, and public
health; and mandate ethical assessments tailored to this
demographic.

In addition to strategic funding, there is a clear need to
incentivize cross-sector collaboration. Policymakers should
support or cosponsor research initiativesthat foster partnerships
among universities, health care providers, and technology
developers. The fragmented nature of coauthorship and
institutional networks in older people-focused Al research
underscores the value of consortia-based models. Initiatives
similar to the European Union’sHorizon Al and Aging programs
could encourage data sharing, coordinated trials, and the scaling
of successful tools.

To ensureinclusivity intechnological design, regulatory bodies
must implement guidelines that mandate age-friendly design
principles in DH technologies. These should encompass
enhanced accessibility features such as larger interfaces and
audio guidance, digital literacy support, and simplified user
interactions. Existing frameworks, like the Web Content
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Accessibility Guidelines, can serve as a model for integrating
older peopl€e’s usability criteria into national and international
Al standards.

Public health policy should also prioritize the development of
community-based digital literacy programs. Lifelong learning
initiatives, especially at the municipal and regional levels, can
play a vital role in empowering older adults. Al-supported
tools—such asvirtual tutors or gamified interfaces—should be
leveraged to build digital confidence and self-efficacy among
older people. Partnershipswith nongovernmental organizations,
older people centers, and libraries can facilitate the
implementation of “Al Literacy for Seniors’ programsthat align
with broader technological transformations in health care and
public services.

Furthermore, ethical oversight of Al systems must be enhanced
through the inclusion of gerontological expertise on ethics
review boards. Thiswould help ensure that reviews account for
the unique vulnerabilities of aging populations, including
algorithmic bias, informed consent challenges, and data
sensitivity. International bodies such as the World Health
Organization, Organisation for Economic Co-Operation and
Development, and national Al task forces can integrate this
recommendation into their broader Al governance structures.

Finally, the establishment of robust monitoring and evaluation
frameworksisessential to assesstheimpact of Al interventions
on older people’ swellness. These systems should track clinical
outcomes as well as psychosocial well-being, levels of digital
engagement, and barriers to technology adoption. The
development of standardized indicators and public reporting
mechanisms will support transparency, informed resource
allocation, and evidence-based policymaking.

These policy recommendations align with global priorities,
including the World Health Organization’s* Decade of Healthy
Ageing” and the United Nations Sustai nable Devel opment Goals
(SDG; specifically SDG 3 and SDG 10). By embedding these
strategies into national and international policy agendas,
stakehol ders can ensurethat Al-driven digital wellnessinitiatives
contribute to more equitable health outcomes and do not
inadvertently exacerbate existing disparitiesamong older adults.

Limitations and Potential Biases

This study has several limitationsthat should be acknowledged.
First, the analysis relied exclusively on the WoS Core
Collection, which, athough known for its high-quality indexing,
may exclude relevant studies found in other databases such as
Scopus, PubMed, or regional and domain-specific repositories,
thusintroducing database bias. Second, only English-language
publications were included, potentially omitting significant
contributions published in other languages (language bias).
Third, the analysis focused on peer-reviewed papers, reviews,
and conference proceedings, thereby excluding gray literature,
policy reports, and other nonindexed formats that may contain
valuable insights (publication bias). Citation bias is aso a
concern, as bibliometric visualizations often emphasize highly
cited papers, favoring older or more mainstream studies while
underrepresenting newer or niche research. Temporal bias may
have occurred, particularly for publications from 2024 to 2025,
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which may not yet have had sufficient time to accumulate
citations. Keyword selection bias may have affected retrieval,
as the search strategy was limited to predefined terms related
to Al, digital wellness, and aging; relevant papers using
alternative or emerging terminology may have been excluded.
Additionally, visualization tools such as VOSviewer and
Bibliometrix, while robust, are influenced by agorithmic
thresholds and clustering techniques that can oversimplify
complex thematic structures. The binary logic used in the
SRCH_STR_ALL and SRCH_STR_OLD search strings may
have artificially separated studiesthat address both general and
older populations. Finaly, the interpretation of bibliometric
maps and clustersinvolves an element of subjectivity, asvisual
proximity does not aways reflect substantive thematic or
intellectual similarity.

Conclusions

This study provided an in-depth bibliometric analysis of the
intersection between Al and digital wellnesswith acomparison
of the older population to the general population. The findings
demonstrate a rapid growth in Al research across both the
general and older populations, highlighting key trends,
challenges, and opportunities within the field. Although
Al-driven digital wellness has garnered increasing attention in
recent years, it is evident that there remain substantial gaps,
particularly in addressing the unique needs of older adults.

Key findings from our analysis reveal markedly different
development trajectories between genera and older
people—focused research in Al-driven digital wellness. General
population studies expanded rapidly over recent years, while
ol der people—focused research followed a slower, more gradual
path, gaining momentum only in the past few years. Although
both areas achieved comparable citation impact, older people
research demonstrated more consistent long-term influence.
Collaboration patterns also differed, with general studies
forming extensive, globally connected networks, whereas ol der
people research remained concentrated in fewer countries and
clusters, indicating untapped opportunities for international
partnerships. Ingtitutional participation was far broader in
general research, while older people-focused studiesweredriven
by a smaller set of leading organizations. Publication patterns
reflected these differences, with older people research
concentrated in a limited number of journals emphasizing
geriatrics, gerontology, and public health, compared to the
broader medical informatics scope of general studies. Thematic
analysis showed general research advancing toward explainable
Al and health equity, while older people-focused work
prioritized dementiacare, assistive technol ogies, and 10T-based
monitoring, alongside emerging attention to i ssues such as socia
isolation and digital literacy. However, limited cross-population
collaboration and network fragmentation remain as barriersto
integrated, holistic solutions. Addressing these gapswill require
targeted policy measures, including agefriendly design
standards, digital literacy programs, dedicated funding
mechanisms, and strengthened ethical oversight for Al serving
older populations.

In conclusion, this research contributes valuable insights into
therole of Al in enhancing the digital wellness of older people
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while a'so highlighting the disparities between the general and
older populations in terms of research focus and technological
adoption. Asthefield continuesto evolve, itiscrucia that future
policy, research, and development efforts prioritize theinclusion
of vulnerable populations. By addressing the unique needs of
older adults, society can ensure that they are not only able to
keep pace with technological advancements but are also
empowered to thrive in an increasingly Al-driven world.

Looking toward the future, Al research in improving digital
well-being among older people holds immense promise for
transforming how we approach aging in the digital era. The
convergence of emerging technol ogies—including explainable
Al, loT, VR, and advanced machine learning
algorithms—presents unprecedented opportunities to develop
more personalized, accessible, and effective interventions for
older populations. Future researchislikely to focus on creating
Al systems that not only address medical and physical health
needs but also tackle psychosocial challenges such as social
isolation, depression, and cognitive decline through intelligent
companion systems, predictive health monitoring, and adaptive
user interfaces.

Eskinazi et al

The evolution toward more human-centered Al design will be
particularly crucial, emphasizing transparency, trust-building,
and ethical considerations that are paramount when serving
vulnerable populations. As our analysis demonstrates, the field
is moving from basic technology acceptance toward
sophisticated, real-world implementations that integrate
seamlesdly into older adults' daily lives. Future devel opments
will likely prioritize cultural sensitivity, intergenerational
connectivity, and the creation of Al ecosystems that empower
rather than replace human agency.

Furthermore, the anticipated expansion of international
collaboration networks and the establishment of standardized
evaluation frameworkswill accelerate the translation of research
findingsinto practical, scalable solutions. The next decade will
likely witness the emergence of comprehensive Al-powered
platformsthat holistically address the complex, interconnected
challenges of aging while ensuring digital equity and inclusion.
Successin thisendeavor will require continued interdisciplinary
collaboration, sustained investment in older people—focused
research, and a commitment to developing technologies that
truly serve the diverse needs and preferences of aging
popul ations worldwide.
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Abstract

Artificial intelligence (Al) is increasingly used to support medical interpreting and public health communication, yet current
systems introduce serious risks to accuracy, confidentiality, and equity, particularly for speakers of low-resource languages.
Automatic transglation models often struggle with regional varieties, figurative language, culturally embedded meanings, and
emotionally sensitive conversations about reproductive health or chronic disease, which can lead to clinicaly significant
misunderstandings. These limitations threaten patient safety, informed consent, and trust in health systems when clinicians rely
on Al asif it were a professional interpreter. At the same time, the large data sets required to train and maintain these systems
create new concerns about surveillance, secondary use of linguistic data, and gapsin existing privacy protections. This viewpoint
examines the ethical and structural implications of Al-mediated interpreting in clinical and public health settings, arguing that
its routine use as a replacement for qualified interpreters would normalize alower standard of care for people with Non-English
Language Preference and reinforce existing health disparities. Instead, Al tools should be treated as optional, carefully evaluated
supplementsthat operate under the supervision of trained cliniciansand professiona interpreters, within clear regulatory guardrails
for transparency, accountability, and community oversight. The paper concludes that language access must remain grounded in
human expertise, language rights, and structural commitmentsto equity, rather than in cost-saving promises of automated systems.

(IMIR Al 2026;5:e88651) doi:10.2196/88651
KEYWORDS

artificial intelligence; Al-mediated interpreting; language access; health equity; clinical communication

Introduction

Artificia Intelligence (Al) israpidly being integrated into public
health practice [1]. Among its most visible and controversial
uses are Al-mediated interpreting services, including real -time
trandlation platforms and chatbot-based tools [2]. These
technologies are promoted as scalable solutions to improve
access for individuals with Non-English Language Preference
(NELP), apopulation estimated to include more than 25 million
people in the United States [3]. However, the use of these
systems for medica interpretation raises immediate ethical
concerns related to accuracy, autonomy, and equity.
Acknowledging these redlities, this viewpoint focuses not on
whether Al tools can be preferable to no interpretation at all,
but on the ethica and structural risks of normalizing
Al-mediated interpreting as an acceptabl e substitute for qualified
language servicesin routine clinical care.

Inlight of these concerns, uncritical adoption of Al interpreting
poses ethical and structural risks, particularly for patient safety,
autonomy, and equity [4]. Unlike professional interpreters who
aretrained to manage cultural nuance and medical terminology
[5], Al systemsrely on training data that often underrepresent
Indigenouslanguages, regional dialects, and community-specific
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expressions[6]. Errorsin translation can compromiseinformed
consent, distort sensitive conversations about reproductive health
or chronic disease, and undermine trust in both clinica
encounters and public health communication [7].

These concerns are reflected in current evaluations of Al
trandlation tools. Systematic reviews show that although Al
tranglation tools can perform reasonably well when trandlating
from English, accuracy declines substantially when trandlating
into English, particularly for non-European languages [8].
Technical research has documented incremental improvements
in grammatical recognition, such as tense trandation in
Chinese-English systems, but these advancesremain limited to
controlled corpora (i€, collections of text and speech data used
to develop and evaluate machine trandation models) and fail
to capture the cultural and contextual dimensions essential to
health care[9]. Theintegrity of Al trandlation research hasalso
been questioned due to persistent concernsregarding evaluation
practices, transparency, and reproducibility in Al-based language
systems [10]. Such developments highlight not only technical
shortcomings but also broader concerns about hype, oversight,
and accountability.

Taken together, these issues reveal why Al translation cannot
betreated as a substitute for professiona interpretationin public
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health practice. Instead, its use must be guided by ethics, equity,
and structural competency, ensuring that efficiency and
cost-effectiveness do not come at the expense of accuracy,
patient rights, and trust. This viewpoint analyzes the ethical
risks of Al-mediated interpreting, outlines guardrails for
responsible implementation, and considers policy implications
for equitable integration.

Technical and Linguistic Limitations of Al
Interpretation

The technical performance of Al interpretation tools reveals
both progress and persistent shortcomings [8]. Most systems
are built on large-scale neural machine translation models that
optimize statistical accuracy across widely spoken languages
[11]. However, this optimization produces systematic blind
spots: performance is strongest for languages with abundant
training data and weakest for low-resource and Indigenous
languages[12]. In this context, “low-resource languages’ refers
to languages for which limited digitized text, speech data, or
annotated training materials are available for Al model
development. Such disparities are not trivial—they map onto
global and domestic inequities, leaving the very populations
most dependent on language access at greater risk of
miscommunication. Although Al translation systems may
perform comparatively better for high-resource languages such
as Spanish, any potential benefit is highly context-dependent
and limited to low-risk scenarios where professional
interpretation is unavailable; differential performance across
languages rai ses serious equity and safety concerns.

For example, consider a routine outpatient encounter in which
apatient with NEL P describes intermittent chest tightnessusing
an idiomatic expression that, when rendered literaly by an Al
trandation system, is conveyed as “discomfort” rather than
“pressure.” The clinician, relying on the translated output, may
interpret the symptom as benign and defer further evaluation.
A professiona interpreter, by contrast, would be trained to
clarify the patient’s meaning, recognize the potential clinical
significance, and convey the urgency embedded in the original
phrasing. In this scenario, the translation error is subtle rather
than overt, yet it meaningfully alters clinical interpretation and
risk assessment, illustrating how Al-mediated interpreting can
introduce safety risks without obvious signals of failure.

Apart from language availability, Al models struggle with the
communicative complexity of health encounters. Clinical
communication frequently involves|ayered terminology, idioms,
and pragmatic features such as hedging or expressions of
uncertainty [13]. Because most Al translation systems are still
trained on broad, nonmedical data, they often produce literal
word-for-word renderings rather than contextually accurate
trangations[14]. In clinical and public health settings, this can
shift the tone and meaning of communication—for example,
turning cautious or conditional medical advice into statements
that sound definitive, or softening urgent guidance into
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something that appears optional. Such distortions not only
change the information being conveyed but also risk
undermining patients’ understanding, informed decision-making,
and trust in health professionals.

Context dependence is another unresolved challenge. While
technical eval uations often report improvementsin grammetical
recognition or lexical choice, these gains are typically
demonstrated in isolated sentence-level tranglations [15]. Real
encounters involve extended dialogue, code-switching, and
back-and-forth clarification—conditions under which current
systems exhibit degradation in coherence and consistency [14].
For example, terminology may be trandated differently within
the same conversation, leading to patient confusion about
diagnoses, treatment instructions, or medication use.

Finally, Al translation models are not designed to detect when
they are likely to fail. Unlike human interpreters, who can
request clarification or signal uncertainty, the Al outputs are
delivered with apparent confidence regardless of underlying
accuracy [16]. This*“confidence illusion” increases the danger
of undetected errors in high-stakes environments such as
emergency care or consent discussions.

Taken together, these limitations demonstrate that the technical
progress of Al interpreting remains insufficient to guarantee
accuracy, consistency, and safety in public health and clinical
practice.

Data Security and Confidentiality Risks

Beyond issues of accuracy, Al-mediated interpreting also raises
serious concerns regarding data security and patient
confidentiality. Most commercially available trandlation and
chatbot systems are hosted on external servers and require
transmitting speech or text data across networks outside the
clinical environment. This createsrisks of unauthorized access,
data storage without consent, or secondary uses of sensitive
information such as marketing or agorithm training [17]. In
public health practice, these risks are not hypothetical—leaked
or improperly managed hedth data can expose entire
communitiesto stigma, discrimination, or even legal jeopardy.

Such vulnerabilities directly conflict with existing privacy
frameworks such as the Health Insurance Portability and
Accountability Act (HIPAA) in the United States, which
mandates strict safeguards around the handling of protected
health information [18]. Unlike professional interpreters, who
aretrained to maintain confidentiality and bound by institutional
or legal standards, Al systems have no inherent mechanism for
accountability when breaches occur [19]. Furthermore, patients
may be unaware that their personal health details are being
routed through third-party systems, limiting their ability to
provide meaningful informed consent. Table 1 summarizes key
risks and ethical implications of Al-mediated interpretation in
public hedlth.
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Table. Risksand ethical implications of Al-Mediated interpreting in clinical Encounters.

Domain Key risksidentified Clinical implications
Linguistic Literal rendering; inconsistent term mapping; Incorrect clinical interpretation; inappropriate
accuracy unflagged uncertainty (“confidenceillusion”)  triage/management; documentation errors

Equity in access
rieties

Patient safety and informed consent

Confidentiality and data security

Ethical and structural implications

Performance gaps by language data availability;
limited support for Indigenous/| ow-resource va-

Distorted hedging/urgency; loss of pragmatic
meaning in sensitive topics

Third-party processing/storage; unclear reten-
tion/secondary use; weak auditability

Substitution for qualified interpreters; normaliza
tion of alower standard for NELP? patients

Unequal communication quality; differential risk
of error; exacerbation of disparities

Compromised informed consent; delayed diagno-
sig/treatment; avoidable harm

Unauthorized disclosurerisk; reduced willingness
to disclose; legal/compliance exposure

Erosion of language rights;, reduced trust in insti-
tutions; reinforcement of structural inequities

3NELP: Non-English Language Preference.

These data governance gaps highlight that the risks of Al
interpretation are not only linguistic but structural. Without
enforceable standardsfor datahandling, encryption, and storage,
reliance on Al toolsfor medical or public health communication
could compromise patient trust and institutional integrity, with
downstream effects on care-seeking and participation in public
health programs.

This table summarizes key domains of risk associated with
Al-mediated interpreting and their clinical implications. No
numerical data were generated.

Ethical Considerations

Ethics approval was not applicable as this viewpoint does not
involve human participants, human data, human tissue, or any
identifiable personal data.

Conclusion

Al-mediated interpreting illustrates the tension between
technol ogical innovation and public health responsibility. These
tools expand access and promise efficiency for populationswith
NELP, but their current limitations—ranging from linguistic
inaccuracies to data security vulnerabilities—pose risks that
threaten patient safety, confidentiality, and trust. Treating Al
asareplacement for professional interpretation risksnormalizing
inequities and undermining ethical obligations to protect
vulnerable communities.
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The path forward is not outright rejection but cautious,
principled integration. Al tools may serve as supplemental aids
when professiona interpreters are unavailable, but their
deployment must be governed by enforceable standards for
accuracy, transparency, and privacy. Some limited
applications—such as tranglation of standardized materials or
carefully constrained use in high-resource languages—may
warrant cautious exploration. Even in these contexts, however,
variability in dialect, health literacy, and clinical framing limits
assumptions of safety and underscores the need for clear
boundaries and oversight rather than broad endorsement.

Responsibility for establishing and enforcing these guardrails
is shared. Health systems and public health agencies play a
central role through procurement decisions, staff training, and
oversight of clinical use, whiletechnology vendors must ensure
transparency around model limitations, data handling, and
intended use. Regulators and accrediting bodies can reinforce
these efforts by setting minimum standardsfor certification and
independent auditing, particularly for tools used in high-stakes
clinical and consent-related encounters. Framing Al-mediated
interpreting as a patient safety issue, rather than solely a
cost-saving tool, is essentiad to ethical and equitable
implementation.

Recognizing language access as both a structural competency
and apatient right isessential . Ultimately, aligning technological
adoption with ethical safeguardsand obligationswill determine
whether Al in public health functions as a bridge to equity or a
source of new disparities.
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Abstract

Background: Leukemiatreatment remains a major challenge in oncology. While thiadiazolidinone analogs show potential to
inhibit leukemia cell proliferation, they often lack sufficient potency and selectivity. Traditional drug discovery struggles to
efficiently explore the vast chemical landscape, highlighting the need for innovative computational strategies. Machine learning
(ML)—enhanced quantitative structure-activity relationship (QSAR) modeling offers a promising route to identify and optimize
inhibitors with improved activity and specificity.

Objective: We aimed to develop and validate an integrated ML-enhanced QSAR modeling workflow for the rational design
and prediction of thiadiazolidinone anal ogs with improved antileukemiaactivity by systematically evaluating molecular descriptors
and algorithmic approaches to identify key determinants of potency and guide future inhibitor optimization.

Methods: We analyzed 35 thiadiazolidinone derivatives with confirmed antileukemia activity, removing outliersfor dataquality.
Using Schrédinger MAESTRO, we calculated 220 molecular descriptors (1D-4D). Seventeen ML models, including random
forests, XGBoost, and neural networks, were trained on 70% of the data and tested on 30%, using stratified random sampling.
Model performance was assessed with 12 metrics, including mean squared error (M SE), coefficient of determination (explained
variance; R?), and Shapley additive explanations (SHAP) values, and optimized via hyperparameter tuning and 5-fold
cross-validation. Additiona analyses, including train-test gap assessment, comparison to baseline linear models, and cross-validation
stability analysis, were performed to assess genuine learning rather than overfitting.

Results: Isotonic regression ranked first with the lowest test M SE (0.00031 + 0.00009), outperforming baseline models by over
15% in explained variance. Ensemble methods, especially LightGBM and random forest, also showed superior predictive

performance (LightGBM: M SE=0.00063 + 0.00012; R°=0.9709 + 0.0084). Training-to-test performance degradation of LightGBM

was modest (AR?=—0.01, AMSE=+0.000126), suggesting genuine pattern learning rather than memorization. SHAP analysis
revealed that the most influential features contributing to antileukemia activity were global molecular shape (r_gp_glob; mean
SHAP value=0.52), weighted polar surface area (r_gp_WPSA; =0.50), polarizability (r_qp_QPpolrz, =0.49), partition coefficient
(r_gp_QPlogPC16; =0.48), solvent-accessible surface area (r_gp_SASA; =0.48), hydrogen bond donor count (r_gp_donorHB;
=0.48), and the sum of topological distances between oxygen and chlorine atoms
(i_desc_Sum of topological_distances between O.Cl; =0.47). Thesefeatures highlight theimportance of steric complementarity
and the 3D arrangement of functional groups. Aqueous solubility (r_gp_QPlogS, =0.47) and hydrogen bond acceptor count
(r_gp_accptHB; =0.44) were also among the top 10 features. The significance of these descriptors was consistent across multiple
algorithmic models, including random forest, XGBoost, and partial |east squares approaches.
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Conclusions: Integrating advanced ML with QSAR modeling enables systematic analysis of structure-activity relationshipsin
thiadiazolidinone anal ogs on this dataset. While ensemble methods capture complex patternswith high internal validation metrics,
external validation on independent compounds and prospective experimental testing are essential before broad therapeutic claims
can be made. Thiswork provides a methodological foundation and identifies molecular features for future validation efforts.

(IMIR Al 2026;5:€81552) doi:10.2196/81552
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Introduction

Leukemiaremains aformidable challenge in oncology, largely
due to the persistence of leukemia stem cells (LSCs), which
drive disease relapse through intrinsic resistance to conventional
chemotherapy [1]. While standard treatments effectively target
proliferating leukemic blast cells, LSCs evade destruction by
leveraging quiescence and enhanced survival mechanisms, such
as dysregulated kinase signaling and adaptation to oxidative
stress [1]. Thiadiazolidinone analogs, notably
thiadiazolidinone-8, comprise a promising family of molecules
that selectively induce rapid cell death in LSCs via a dua
mechanism: (1) inhibition of glycogen synthase kinase 3f3
(GSK3B), and (2) triggering oxidative collapse [1]. Molecular
docking and simul ation studies suggest that thiadiazolidinone-8
might bind to an allosteric hydrophobic pocket in GSK3f's
inactive “DFG-out” conformation, preventing reactivation and
disrupting prosurvival pathways, while simultaneously depleting
intracellular thiolsto disrupt membraneintegrity within 2 hours,
achieving 85% to 93% lethality in primary acute myeloid
leukemia, acute lymphaoblastic leukemia, and chronic
lymphoblastic leukemia specimens at 20 pM. Ciriticaly,
thiadiazolidinone-8 spares normal hematopoietic stem cells
(79.5% viabhility) and significantly reduces engraftment of
leukemic cells in nonobese diabetic/severe combined
immunodeficient xenotransplantation models, with mean
engraftment dropping from 76% to as low as 0.7% (P<.001),
while having minimal toxicity for normal cells [1].
Second-generation analogs (eg, PNR886 [2]) show 60-fold
greater potency than thiadiazolidinone-8 in preclinical models,
reducing amyloid load to >60% in Alzheimer disease models
and extending the lifespan of wild-type Caenorhabditis elegans
by 15%-30% [2-4], hinting at broader therapeutic potential [5].

Despite these advances, first-generation thiadiazolidinone
anal ogs endure suboptimal pharmacokinetics and limited kinase
selectivity, with cytotoxicity at higher concentrations (eg, 1
mM) [1,5]. Recent computational modeling of GSK33’sinactive
state offers opportunities for the rationa design of
next-generation inhibitors targeting key residues (Lys205,
Asp200, and Ala204) to enhance specificity and reduce
off-target effects on normal tissues[5]. Structural optimization
is essential to balance potent LSC eradication with minimal
toxicity, unlocking the potential of thiadiazolidinone-based
therapies to target the LSC reservoir in refractory leukemias
specificaly.

The quest for effective leukemia inhibitors is hindered by
challenges such as enzyme specificity, cell selection for
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resistance, and off-target effects. Traditional drug discovery
methods struggle to efficiently explore the vast chemical space
of potential compounds, often resulting in prolonged timelines
and suboptimal candidates [4-12]. This has fueled interest in
computational  strategies, particularly machine learning
(ML)—enhanced quantitative structure-activity relationship
(QSAR) modeling, which correlates molecular descriptors
(quantitative measures of physicochemical, structural, and
electronic properties) with biological activity. ML has offered
unprecedented predictive power across diverse fields of study
[6,8,13,14]. Unlike conventional QSAR approaches, which
often have reduced accuracy and scalability with complex
datasets, M L-based QSAR modeling excelsby identifying subtle
patterns in molecular features that predict specific enzyme
interactions, enabling the discovery of highly selectiveinhibitors
for diverse targets, such asleukemic cells [5] and polymerases
used for DNA repair, by screening small-molecule structural
libraries[4,6-12].

ML agorithmshave shown promisein enhancing drug discovery
[4,9,13-15] by enabling prediction of resistance mechanisms,
guiding the design of inhibitorsto delay or overcomeresistance,
and prioritizing molecular features linked to selectivity or
minimal toxicity [5]. By analyzing large datasets with
high-throughput in silico predictions, ML offers a scalable
solution to screen extensive compound libraries, reducing time
and cost compared to purely experimental assays [5].
Incorporating techniques such as Shapley Additive Explanations
(SHAP) analysis within ML models provides insights into
critical molecular descriptors driving inhibitory activity,
informing the structural requirements for effective leukemia
inhibitors[5].

This study demonstrates how integrating advanced ML with
QSAR modeling overcomes limitations of traditional drug
discovery approaches. Thisstudy providesaflexible, data-driven
framework to optimize thiadiazolidinone-based inhibitors by
focusing on molecular traits correlated with enhanced activity,
target specificity, and minimal off-target effects. This can lead
to novel therapies that complement existing genotoxic agents
such as cisplatin, thus improving therapeutic outcomes in
chemotherapy-resistant cancers. However, we acknowledge
that such potential can only beredlized through rigorous external
validation and experimental verification of computational
predictions.
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Methods

Methodology for Enhanced Inhibitor Identification

We introduce a structured methodology to enhance the
identification of thiadiazolidinone analogs with antileukemic
properties using artificial intelligence (Al)-powered QSAR
modeling. A curated dataset of 220 molecular descriptors,
associated with validated leukemiainhibition activity, was used
to train 17 diverse ML models. These models include linear
regression, ridge regression, lasso regression, ElasticNet,
isotonic regression, partial least squares (PLS) regression,
support vector regression (SVR), decision tree, random forest,
gradient boosting, XGBoost, AdaBoost, CatBoost, k-nearest
neighbors, neural network, deep neural network, Gaussian
process, and principal component regression. Each model was
rigorously assessed using 12 performance metrics to ensure
robustness and accuracy in predicting inhibitory efficacy. This
multialgorithm approach allows comparison of feature-target
relationship learning across methodologically diverse
approaches. This approach not only forecasts the potential of
compounds but also identifies critical molecular characteristics,
essential  for optimizing next-generation antileukemic
compounds.

Dataset and Preprocessing
Overview

Multistep Protocol

This study used an in-house selected library of 35
thiadiazolidinone analogs, each with experimentally validated
leukemiainhibition activity expressed as logl Cs, values [1].

Data preprocessing followed a rigorous multistep protocol to
ensure data quality and consistency.

Outlier Detection and Removal

Activity valueswere examined for statistical outliersusing IQR
analysis, with compounds displaying activity values >1.5xIQR
from the quartile boundaries flagged for review and removed
if deemed measurement anomalies.

Chemical Structure Standardization

Chemical structureswereinitially sketched in ChemDraw [16],
converted to Simplified Molecular Input Line Entry System
format, and subsequently transformed into SYBYL Mol2 files
using Schrodinger MAESTRO (Schrodinger Release 2025-2:
Canvas, Schrodinger, LLC, 2025) for 3D visualization, ensuring
standardized chemical representation across all compounds.

Ligand Geometric Optimization

Ligand preprocessing involved energy minimization using the
MMFF94 force field to optimize molecular geometries and
achieve chemically realistic conformations. Structural aignment
of conserved thiadiazolidinone cores was performed to
standardize side-chain modifications across the dataset, ensuring
consistent and comparable descriptor computation [17].

Descriptor Calculation

Molecular descriptors were calculated using Schrodinger
MAESTRO 12.5 software, encompassing a broad spectrum of

https://ai.jmir.org/2026/1/€81552
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physicochemical properties (1D-4D descriptors). A total of 220
descriptors were computed, including hydration energy,
polarizability, topological indices, electronic properties
(Gasteiger partial charges), and quantum chemical attributes
critical for leukemia cell interactions.

Feature Scaling and Normalization

Before model training, all molecular descriptor features were
normalized using StandardScaler (z score normalization: (X —
mean)/SD) to ensure equal weighting across features with
different scales and units, preventing high-magnitude descriptors
from dominating the learning process.

Missing Value Handling

Any missing descriptor values wereimputed using multivariate
imputation by chained equations to maintain dataset integrity
while preserving statistical relationships among descriptors.

The resulting preprocessed dataset contained 35 compounds
with 220 standardized molecul ar descriptorsand corresponding
experimental 1oglCs, values, forming a robust foundation for
QSAR modeling (see Multimedia Appendix 1 for the complete
molecular database of molecular descriptorswith corresponding

logl Csp).
Mode Training and Evaluation

The dataset was partitioned into a 70% training set and a 30%
testing set using stratified random sampling via scikit-learn’s
train_test_split function [18,19] before normalization to avoid
potential dataleakage. Thissplit ensured abalanced distribution
of activity classes to avoid bias and provided a robust training
dataset for learning and a significant test dataset for accurate
performance evaluation. Features were normalized using
StandardScaler to ensure equal weighting during model training.
The 17 ML algorithms evaluated spanned a wide range of
approaches, including linear models, tree-based ensembles,
kernel methods, instance-based learners, neura networks,
probabilistic approaches, dimensionality reduction techniques,
nonparametric models, and advanced gradient boosting
frameworks. Each model’s strengths and limitations were
assessed to ensureacomprehensive evaluation of their predictive
capabilities for antileukemic compounds. To address concerns
regarding potential overfitting with limited sample size, we
implemented multiple validation strategies: (1) five-fold
cross-validation on the training set to assess stability across data
splits, (2) comparison of each model to baseline linear
regression, (3) evaluation of train-test performance gaps to
identify memorization, and (4) permutation importance analysis
acrossfoldsto validate feature-target relationships. Performance
metrics such as coefficient of determination (explained variance;

R?), root-mean-square error in prediction, and others were used
to quantify predictive accuracy and model robustness.

Overview of ML Algorithms

The 17 ML agorithms compared for QSAR modeling are
summarized in Table 1, detailing their descriptions, strengths,
and limitations. This comprehensive overview reflects the
diversity of approaches applied to capture complex
structure-activity relationshipsin drug discovery.
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Table 1. Overview of machine learning algorithms compared for QSAR® modeling [20].
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Algorithm Description Strengths Limitations References

Linear regression Modelsrelationshipswith alinear ~ Simple, efficient, highly inter- Assumes linearity, sensitive to out-  [21]
equation pretable liers

Ridge regression  yges | 2° regularization to prevent ! Mprovesstability and handlesmul- - Does not perform feature selection  [22,23]
overfitting of data ticollinearity

L asso regression Applies L 1° regularization for fea- Reduces model complexity through May arbitrarily select among corre-  [24,25]
ture selection feature selection lated variables

ElasticNet CombinesL1and L2regularization Balancesthe benefitsof lassoand  Requirestuning 2 hyperparameters  [22,23]

ridge

Isotonicregres-  Fitsamonotonic free-formlineto  Robust to outliers, ensuresmonoton-  Computationally intensive, limited  [26,27]

sion the data ic relationships generaization

pLsd Identifies relationships between Manages multicollinearity, effective  Lessinterpretable than other meth-  [28-30]
matrices, reducing dimensionality ~ for high-dimensional data ods

SVR® Approximatesinput-output inhigh- Robust against data overfitting, ex-  Sensitiveto kernel choice, computa-  [31-33]
dimensional space celsin complex datasets tionally intensive

Decision tree Nonparametric treestructurefor re-  Interpretable, handles diverse data, Proneto overfitting, may not gener-  [13,14,34,35]
gression or classification and captures nonlinearity alize well

Random forest Ensemble of treesto minimize Reduces overfitting, assessesfeature  Computationally expensive, lessin-  [13,14,34,36,37]
overfitting importance terpretable

Gradientboosting Builds weak learners sequentially ~ High predictive power, excelsin Risk of overfitting if not tuned [38,39]
for improved predictions complex modeling properly

XGBoost Optimized gradient boosting library  High accuracy, efficient, and han-  Complex to tune, lessinterpretable  [40]
for enhanced performance dles missing data

AdaBoost Combineswesak classifiers, focusing Improves accuracy by emphasizing Sensitive to noisy dataand outliers  [41,42]
on misclassified instances difficult cases

CatBoost Uses ordered boosting for categori- Reduces overfitting, high accuracy ~ Slower training speed, less inter- [43,44]
cal features with categorical data pretable

KNNF Nonparametric method based on Captures complex relationships Computationally intensive, sensitive  [45,46]
proximity to nearest points without assumptions to scaling

Neural network  Mimics brain processes to model Adaptable, excelswith large Requires significant data, proneto  [13,14,34,47,48]
nonlinear relationships datasets overfitting

DNNY Advanced neural network with High performancein capturingintri- Requireslarge datasets, computation-  [49,50]
multiplelayersfor complex patterns ~ cate patterns aly intensive

Gaussian process  Probabilistic approach with uncer-  Offers uncertainty quantification, ~ Computationally expensivefor large  [51]
tainty estimates models complex functions datasets

pcr" Combines PCA! with regressionfor Handles multicollinearity, reduces ~ May loseinterpretability, lesspredic- - [52-54]

dimensionality reduction

dimensionality

tive power

3QSAR: quantitative structure-activity relationship.

bL2: ridge penalty
CL1: lasso penalty

dpLs: partial least squares.

€SVR: support vector regression.

K NN: k-nearest neighbors.

9DNN: deep neural network.

PPCR: principal component regression.
IPCA: principal component analysis.

Table 1 summarizes the properties of 17 algorithms compared
in this study. The results were consistent with recent advances
in QSAR modeling in which ML techniques such as random
forest, XGBoost, and deep neural network empirically displayed
superior predictive performance, especialy for complex and

https://ai.jmir.org/2026/1/€81552

RenderX

diverse datasets [34]. The selection of these algorithms was
guided by their established effectiveness in small-sample,
high-dimensional biological datasets, their ability to handle
multicollinearity, capture nonlinear relationships, and to provide
insights into feature importance [34], al of which are critical
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for optimizing thiadiazolidinone-based inhibitors in leukemia
treatment.

Hyperparameters were optimized via grid or random search
with 5-fold cross-validation, prioritizing the minimization of
mean squared error (M SE) and maximization of R? and adjusted
coefficient of determination (adjusted R?) metrics.

Model performance was evaluated using 12 metrics, including
MSE, root-mean-squared error (RMSE), mean absolute error
(MAE), mean absolute percentage error (MAPE), symmetric
mean absolute percentage error (SMAPE), median absolute
error (MedAE), R?, adjusted R?, concordance correlation
coefficient (CCC), normalized mean squared error (NMSE),
normalized root-mean-sgquared error (NRMSE), and Pearson
correlation to ensure acomprehensive assessment of predictive
accuracy and robustness. Detail ed descriptions of these metrics
arein the following sections.

About MSE

MSE quantifies the average squared difference between
predictions and observations, and is calculated as:

@

wherey; is the observed value and @ is the predicted value.

MSE is critica for identifying models prone to severe
inaccuracies.

About RM SE

RMSE provides error magnitude in the same units as the
response variable, enhancing interpretability and sensitivity to

outliers. It is calculated as:
E
About MAE

MAE measures the average absolute error, treating all
discrepancies equally; useful for assessing typical prediction
errors without outlier bias. It is calculated as:

Bl
About MAPE

MAPE expresses errors as percentages, facilitating relative
performance comparison across datasets, though it isundefined
for O observed values. It is calculated as:

Bl
About SMAPE

SMAPE addresses MAPE's asymmetry by normalizing errors
against the average of observed and predicted values, improving
robustness for near-zero values. It is calculated as:

@
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About MedAE
MedAE isresistant to outliers and is calculated as:

]

About R?

R? representsthe proportion of variance explained by the model,
with values closer to 1 indicating a better fit. It is calculated as:

]

where|E isthe mean of observed values.

About Adjusted R?

R? adjusts for model complexity, preventing overfitting by
penalizing unnecessary predictors. It is calculated as:

]

where:

*  R°=R?of themodel, also known asthe fraction of variance
explained.

«  n=number of observations (data points).

«  k=number of predictors (independent variables) in the
model.

About CCC

CCC evd uates agreement between predictions and observations,
combining precision (correlation) and accuracy (mean shift). It

is calculated as:
E

where p is Pearson correlation, and | and o are means and SDs
of the observed and predicted values, respectively.

About NM SE

NMSE scales MSE by dataset variance, enabling cross-study
comparisons. It is calculated as:

Bl
About NRM SE

NRM SE provides ascale-free error metric, useful for comparing
models across different units. It is calculated as:

E
where:

range(y) = max(y) —min(y)
Pear son Correlation Coefficient

This measures the linear relationship strength between
predictions and observations, independent of scale. It is

calculated as:
E
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This multimetric approach ensures robust evaluation of model
accuracy, generalizability, and clinical relevance, which are
critical for advancing predictive tools in leukemia drug
discovery.

Feature importance was determined through permutation
importance and SHAP values, highlighting key molecular
descriptors for inhibition activity. Permutation importance was
evauated acrossall 5 cross-validation fol dsto assess consistency
and distinguish genuine feature-target relationships from
dataset-specific noise. The computational pipeline, devel oped
in Python 3.8 (Python Software Foundation), used pandas for
data handling, scikit-learn for model  construction,

Kakrabaet d

XGBoogt/LightGBM/CatBoost for gradient boosting, and SHAP
for interpretability [55,56]. Code execution and visualization
were performed in Jupyter notebooks, facilitating iterative model
refinement. Thiscomprehensive framework integrated molecular
descriptor computation with Al-enhanced QSAR modeling to
systematically identify and optimize leukemia inhibitors. The
graphical abstract (Figure 1) visually summarizesthe Al-driven
QSAR workflow for the accel erated discovery and optimization
of thiadiazolidinone inhibitors targeting leukemia. This
integrative approach combines advanced molecular modeling,
ML, and feature importance analysis to streamline the
identification of potent antileukemia compounds.

Figure 1. Graphical abstract depicting the integrated computational workflow for systematic analysis of structure-activity relationshipsin thiadiazolidinone
analogs using machine learning-enhanced QSAR modeling. ML: machine learning; QSAR: quantitative structure-activity relationship; SHAP: Shapley
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This study uses an integrated computational workflow to
systematically analyze structure-activity relationshipsin alibrary
of 35 thiadiazolidinone analogs for leukemia inhibition. The
methodology involves data preparation with 220 molecular
descriptors cal culated for each compound, followed by training
and optimization of 17 ML models evaluated using 12
performance metrics. SHAP feature importance analysis
identifies molecular descriptorsthat consistently correlate with
inhibitory potency across algorithms, revealing key structural
factorsdriving compound activity. The framework successfully
identified actionable structure-activity patterns and generated
refined inhibitor candidates with enhanced potential for
overcoming drug resistance.
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In this study, the 17 ML models demonstrated strong
performance in predicting antileukemia activity on internal
validation, asevidenced by their 12 performance metricsacross
both training and testing datasets for all algorithms. Table 2
detail sthe validation resultsfor the training dataset, highlighting
themodels’ ability to effectively learn and capture patternsfrom
the provided data.
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Table 2. Performance metrics for the training dataset.

Model MSE2 R Adiusted  pmagd  RMSE®E MAPET SvAPEY MedAE" ccC NMSE NRMSEX Pear;z;‘_
(o corr on

Isotonic regres-  0.000247 0.8981  0.8973 0.0104 0.0157 1.76 1.65 0.0081 0.9127 0.0257 0.0214 0.9477

sion

LightGBM 0.000504 0.9809 0.9798 0.0152 0.0225 245 2.38 0.0123 0.9803 0.0524 0.0312 0.9904
XGBoost 0.000544 0.8853 0.8832 00156 0.0233 261 2.54 0.0131 0.8859 0.0566 0.0324 0.9409
CatBoost 0.000603 0.8721 0.8684 0.0178 0.0246 2.93 2.85 0.0142 0.8724 0.0627 0.0341 0.9339

Random forest  0.000504 0.9809 0.9798 00152 0.0225 245 2.38 0.0123 0.9803 0.0524 0.0312 0.9904
Gradient boost- 0.000543 0.8853  0.8832 0.0157 0.0233 2.62 2.55 0.0132 0.8857 0.0566 0.0324 0.9409

ing

Neural network 0.0048 0.8012 0.7949 0.0541 0.0693 891 8.42 0.0472  0.8012 0.498 0.101 0.8951
sVR! 0.0067 0.7236  0.7153 0.0689 0.0819 11.27 10.58 0.0598 0.7236 0.695 0.119 0.8506
Gaussianpro-  0.0039 0.8321 0.8272 0.0472 0.0625 7.82 7.41 0.0413 0.8321 0415 0.092 0.9122
cess

ElasticNet 0.0051 0.6947  0.6855 0.0647 0.0714 1064 10.01 0.0567 0.6947 0.529 0.104 0.8335
Decisiontree  0.0074 0.6821 0.6726 0.0739 0.086 12.11 11.35 0.0649 0.6821 0.768 0.125 0.8259
K-nearest 0.0059 0.7458 0.7381 0.0623 0.0775 10.23 9.65 0.0543 0.7458 0.622 0.113 0.8636
neighbors

PLS™ regres- 0.0041 0.8217 0.8165 0.0498 0.0642 822 7.79 0.0437 0.8217 0.436 0.094 0.9065
sion

AdaBoost 0.0012 0.7921 0.7858 0.0317 0.0346 5.28 511 0.0279 0.7921 0.135 0.052 0.8900
Ridgeregress  0.0075 0.6854 0.6759 0.0753 0.0866 12.35 11.58 0.0662 0.6854 0.778 0.126 0.8279
sion

Lassoregress  0.0044 0.7038  0.6949 0.0592 0.0663 9.76 9.21 0.0519 0.7038 0.456 0.096 0.8389
sion

Linear regres-  0.0032 0.7123 0.704 0.0488 0.0566 8.00 7.56 0.0425 0.7123 0.332 0.082 0.8440
sion

8\ SE: mean squared error.

BR2: coefficient of determination (explained variance).
CAdjusted R?: adjusted coefficient of determination.
IMAE: mean absolute error.

®RM SE: root-mean-squared error.

"MAPE: mean absolute percentage error.

9SMAPE: symmetric mean absol ute percentage error.
PMedA E: median absolute error.

ICCC: concordance correlation coefficient.

INMSE: normalized mean squared error.

KNRMSE: normalized root-mean-squared error.
IsVR: support vector regression.

MPLS: partial |east squares.

In contrast, Table 3 summarizes the results for the testing evaluation of the models' predictive accuracy, robustness, and
dataset, shedding light onthe models' generalization capabilities  reliability in the context of drug discovery for leukemia
when applied to new, unseen data. Both tables include 12 treatment.

distinct performance metrics, ensuring a comprehensive
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Table 3. Performance metrics for the testing dataset.
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Model MSE2 R Adiusted  MAE?  RMSE® MAPET SMAPEY MeddE" ccC' NMSEl  NRMSEX  Pearson
R correlation

Isotonic regres  0.00031 0.8881  0.8869 0011 00175 1.98 1.85 00089 09127 00321 00254  0.9424
sion

LightGBM 0.00063 0.9709 0.9697 00208 00251 321 3.15 00172 09803 0.0654 00365 09853
XGBoost 0.00068 0.8753 0.8721 00213 00261 3.45 3.38 00181 08859 0.0707 0.038 0.9356
CatBoost 0.00070 0.8615 0.8578 0023 00265 372 3.65 00195 08724 0073 0038 09282
Random forest  0.00061 0.9709  0.9697 00159 00247 257 251 00134 09798 00635 00359 09853
Gradient boost- 0000743 0.8753  0.8721 00211 00273 341 334 00183 08857 00771 00397 09356
ing

Neural network 0.00480 0.7895  0.7832 00549 00693 891 8.42 00472 08012 0498  0.101 0.8885
SVR 0.00670 0.7102 0.7019 00695 00819 1127 1058 00598 07236 0695  0.119 0.8427
Gaussanpro- 0004  0.8203 0.8154 00481 00632 7.82 7.41 00413 08321 0415  0.092 0.9057
cess

ElasticNet 0.00510 0.6823 0.6731 00655 00714 1064 1001 00567 06947 0529 0.104 0.8260
Decisontree  0.00740 0.6698 0.6603 00746 0086 1211 1135 00649 06821 0.768 0.125 0.8184
K-nearest 0006 07331 0.7254 0063 00775 1023  9.65 00543 07458 0622 0113 0.8562
neighbors

PLS regress 000420 0.81 0.8048 0.0506 00648 8.22 7.79 00437 08217 0436  0.094 0.9000
sion

AdaBoost 0.00130 0.7814 0.7751 00325 0036 528 5.11 00279 07921 0135  0.052 0.8840
Ridgeregress  0.00750 0.6721 0.6626 00761 00866 1235 1158 00662 06854 0778 0.126 0.8198
sion

Lassoregres  0.00440 0.6912  0.6823 00601 00663 9.76 9.21 00519 07038 0456  0.096 0.8314
sion

Linear regress  0.00320 0.6984  0.6901 0.0492 0.0566 8.00 7.56 00425 07123 0332  0.082 0.8357
sion

8\ SE: mean squared error.

BR2: coefficient of determination (explained variance).
CAdjusted R?: adjusted coefficient of determination.
IMAE: mean absolute error.

®RM SE: root-mean-squared error.

"MAPE: mean absolute percentage error.

9SMAPE: symmetric mean absol ute percentage error.
PMedA E: median absolute error.

ICCC: concordance correlation coefficient.

INMSE: normalized mean squared error.

KNRMSE: normalized root-mean-squared error.
IsVR: support vector regression.

MPLS: partial |east squares.

Evaluation of Model Performance

The systematic evaluation of 17 ML models revealed distinct
performance tiers in predicting leukemia inhibition, with
ensemble methods dominating several predictive accuracies
(Tables 2 and 3).

Isotonic regression ranked first with the lowest test MSE

(0.00031 + 0.00009) and R? of 0.888 + 0.012, outperforming
baseline model sby over 15% in explained variance. LightGBM
also emerged among the top performers, achieving strong

https://ai.jmir.org/2026/1/€81552

generalization on thetest set with an M SE of 0.00063 + 0.00012,
and an explained variance (R?) of 0.9709 + 0.0084, substantially
outperforming  baseline linear regression (R’=0.6984,
MSE=0.0032).

Train-Test Gap Analysis

To assess whether high R? values reflect genuine learning or
overfitting, we analyzed the magnitude of performance
degradation from training to test sets. For LightGBM: training

R’=0.9809, testing R?=0.9709 (AR°=—0.01 or —1% decrease);
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training M SE=0.000504, testing M SE=0.00063
(AMSE=+0.000126). This modest performance gap is
characteristic of robust modelsand contrasts sharply with severe

overfitting (which would show training R?>0.99 with test
R?<0.60). Five-fold cross-validation on thetraining set produced

consistent results (LightGBM: mean cross-validation R?=0.968
+ 0.018, range 0.950-0.985; X GBoost: mean cross-validation

R’=0.872 + 0.023, range 0.845-0.895), with low variance across
folds indicating stability rather than spurious noise fitting.

I sotonic regression produced the lowest test MSE (0.00031 +

0.00009) with an R? of 0.888 + 0.012, compared to LightGBM
(MSE=0.00063 + 0.00012), suggesting superior precision in
minimizing absolute errors at the cost of lessvariance explained.
This difference may reflect scale dependency in the response
variable, as evidenced by tight error ranges (test RMSE:
0.0175-0.0866; MedAE: 0.0089-0.0662), indicating that models
captured central tendency more effectively than variance.

Ensemble methods also formed a clear top tier: LightGBM
(MSE=0.00063, R?=0.9709), random forest (MSE=0.00061,
R’=0.9709), and XGBoost (MSE=0.00068, R’=0.8753)

substantially exceeded R? values of linear models by more than
25 percentage points. Linear models exhibited predictable
stratification, with standard linear regression (MSE=0.0032)
serving as the baseline. Regularized variants such as lasso

(MSE=0.0044, R°=0.6912) and ridge regression (M SE=0.0075,
R°=0.6721) improved multicollinearity handling. Nonlinear
models displayed varied performance: neural networks

(MSE=0.0048, R?=0.7895) surpassed kernel-based SVR

(MSE=0.0067, R?=0.7102), while decision trees (M SE=0.0074)
ranked lowest among the nonlinear approaches.

Five-fold cross-validation highlighted differences in critical
stability. LightGBM showed minimal performance degradation
(AM SE=+0.000126; train-to-test), underscoring its consistency.
Linear regression maintained consistent error profiles
(AMAE=+0.0004). The minimal train-test gap in ensemble
methods  (LightGBM: AMSE=+0.000126, XGBoost:
AMSE=+0.000136, CatBoost: AMSE=+0.000097, random
forest: AM SE=+0.000106, gradient boosting: AM SE=+0.0002,
and AdaBoost: AMSE=+0.0001), combined with
cross-validation stability, indicates that these models learned
generalizable nonlinear patternsin the training data rather than
memorizing specific compounds. These findings establish
ensemble models as the optimal balance of precision and
robustness, with isotonic regression (AMSE=+0.000063)
offering niche utility for low-error-tolerance applications. The
performance hierarchy provides multiple metricsfor prioritizing
algorithms in therapeutic-compound optimization pipelines,
emphasizing ensemble methods for high-accuracy predictions
and regularized models for interpretable, stable results.

Comparison to Baseline and Null Models

To rule out the possibility that high R? values reflect algorithmic
artifacts or data characteristicsrather than genuinelearning, we
compared the ensemble models to baseline approaches:

https://ai.jmir.org/2026/1/€81552
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Naive baseline (mean predictor): predicting the mean
loglCsy value for al compounds yields R*=0.0 (by
definition).

* Smple linear regression: R°=0.6984 (test set),
demonstrating that raw feature-target relationships do not
automatically yield high performance.
PL Sregression (2 components, designed for small samples):
R’=0.81 (test set).
LightGBM: R?=0.9709 (test set).

*  |sotonic regression: R?=0.8881 (test set).

The substantial gap between simple linear regression

(R?=0.6984) and modelssuch as LightGBM (R?=0.9709) cannot
be explained by the data alone; it reflects genuineimprovement
in capturing nonlinear feature-target relationships through
ensemble methods. This 27-percentage-point improvement is
not achieved through memorization but through learning
complex, nonlinear patterns.

Optimization of ML Models

To achieve optima predictive performance on the permuted
datasets, each ML algorithm was carefully fine-tuned by varying
hyperparametersto achieve abalance of accuracy, stability, and
generaization. Among the key models, CatBoost, a gradient
boosting a gorithm adept at handling categorical data, achieved
peak performance with iterations=1000 for sufficient boosting
rounds, a low learning_rate=0.03 for gradual convergence,
depth=6 to limit tree complexity and prevent overfitting, and
verbose=0 to suppress output logs for efficiency, enabling
effective capture of complex data patterns. Random forest, an
ensemble method, excelled with n_estimators=200 to create a
robust forest of trees, max_depth=4 to constrain overfitting, and
min_samples split=2 with min_samples leaf=1 to ensure
meaningful splits, allowing it to detect diverse patterns while
maintaining generalization to test data. Similarly, XGBoost, a
powerful gradient boosting framework, delivered its best
performance with n_estimators=100 for boosting rounds,
learning_rate=0.1 for controlled updates, max_depth=3 to
manage model complexity, and random state=42 for
reproducibility, striking an optimal balance between bias and
variance. PLS regression, ideal for high-dimensional or
multicollinear data, was optimized with n_components=2 to
extract key latent components and scale=True to standardize
data, enhancing predictive power through effective reduction
of dimensionality. Other significant configurationsinclude linear
regression, set with fit_intercept=True and normalize=Falsefor
simplicity and interpretability; ridge regression, configured with
alpha=1.0 for regularization and solver="auto' for flexibility;
SVR, using kernel="rbf', C=1.0, and epsilon=0.1 to handle
nonlinear relationships effectively; and neural network,
optimized with hidden_layer_sizes=(100,), activation="relu’,
and solver="adam' to capture intricate data structures. These
tailored parameter settings, as detailed in Table 4 below,
highlight the critical role of hyperparameter tuning in
maximizing model performance, with each algorithm adapted
to the dataset’ s unique characteristics to optimize computational
efficiency and predictive accuracy.
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Table 4. ML?algorithms and best parameter settings.
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Algorithm Key parameter details

Linear regression fit_intercept=True, normalize=False

Ridge regression alpha=1.0, solver="auto'

Lasso regression alpha=1.0, selection="cyclic'

ElasticNet alpha=1.0, I1_ratio=0.5
Decision tree random_state=42, max_depth=None, min_samples_split=2
Random forest n_estimators=200, max_depth=4, min_samples_split=2, min_samples_|leaf=1

Gradient boosting
AdaBoost

SVR® kernel="rbf', C=1.0, epsilon=0.1
K-nearest neighbors n_neighbors=5, weights='uniform'
Neural network
Gaussian process
PL S regression n_components=2, scale=True
I sotonic regression
XGBoost
LightGBM

CatBoost

random_state=42, n_estimators=100, learning_rate=0.1, max_depth=3

random_state=42, n_estimators=50, learning_rate=1.0

random_state=42, hidden layer_sizes=(100,), activation="relu’, solver="adam'

kernel=RBF(), random_state=42, optimizer="fmin_|_bfgs b', n_restarts_optimizer=0

increasing=True, out_of_bounds="nan'
random_state=42, max_depth=3, learning_rate=0.1, n_estimators=100
random_state=42, num_leaves=31, learning_rate=0.1, n_estimators=100

random_state=42, verbose=0, iterations=1000, learning_rate=0.03, depth=6

3\L: machine learning.
bSVR: support vector regression.
°PLS: partial least squares.

Feature Importancevia SHAP Analysis

The SHAP summary plotin Figure 2 revealsr_gp_glob (global
molecular shape descriptors) as the most influential molecular
descriptor for predicting logl Csy valuesin antileukemiaactivity
of thiadiazolidinone analogs, with the highest mean absolute
SHAP value of approximately 0.52 among all features (Figure
2). The consistency of this ranking across multiple algorithms
provides independent validation of its biological significance.
Thissuggeststhat overall molecular shape and 3D conformation
are critica determinants of a compound’'s ability to inhibit
leukemia cell proliferation.

The bar plot illustrates the mean absolute SHAP values for the
top molecular descriptors used in the QSAR model to predict
loglCsy leukemia inhibition values. Each bar represents the
average contribution of a feature to the model’s predictions,
with longer bars indicating greater importance. The top
features—r_qgp_glob (global shape), r_gp WPSA (weighted
polar surface ared), r_gp_QPpolrz (polarizability),
r_gp_QPlogPC16 (lipophilicity), and r_gp_SASA
(solvent-accessible surface area) were consistently identified
across multiple algorithms (LightGBM, random forest,
XGBoost, and PLS), supporting their biological relevancerather
than algorithmic artifacts. Thesefeatures provide critical insights
into the molecular properties driving the model’s predictive
performance.

The second-ranked feature, r_gp_WPSA (weighted polar surface
area) with a mean SHAP value of =0.50, highlights the

https://ai.jmir.org/2026/1/€81552

importance of surface polarity in molecular interactions. The
third-ranked feature, r_gp_QPpolrz (polarizability) with =0.49,
demonstratesthat el ectronic polarization properties significantly
influence binding affinity and molecular recognition by leukemia
targets.

Additional high-impact contributorsincluder_gp_ QPlogPC16
(partition coefficient; =0.48), which reflects the role of
lipophilicity in membrane permeability and target accessibility,
andr_gp_SASA (solvent-accessible surface area; =0.48), which
reveals the importance of surface accessibility in molecular
interactions. Similarly, r_gp_donorHB (hydrogen bond donor
count; =0.48) highlights the critical role of hydrogen bonding
in mediating intermol ecular interactions with leukemiatargets.

Features such a s
i_desc_Sum_of topological distances between_O.ClI
(topological distances between oxygen and chlorine atoms,
=0.47) provide insights into steric complementarity and
molecular geometry. r_gp_QPlogS(solubility properties; =0.47)
emphasizesthe role of agueous solubility in bioavailability and
cellular accessibility. Thedescriptor r_desc PEOES (electronic
properties; =0.45) reflects partial equalization of orbital
electronegativity, contributing to understanding electronic
effects on binding. r_gp_accptHB (hydrogen bond acceptor
count; =0.44) rounds out the top 10, indicating that both
hydrogen bonding capacity and acceptance are important for
activity.
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These features provide a comprehensive survey of
physicochemical and structural properties underlying the
inhibitory activity of thiadiazolidinone analogs against leukemia,
offering valuable guidance for optimizing antileukemia drug
design. The identified structure-activity relationships

Kakrabaet al

demonstrate that global molecular shape, surface polarity,
polarizability, and lipophilicity are the primary determinants of
bioactivity. However, these relationships should be validated
through external datasets and experimental synthesisof predicted
compounds before directing optimization efforts.

Figure 2. Feature importance via SHAP analysis for molecular descriptors and their average impact on QSAR prediction of loglCsg inhibition of
leukemiacell proliferation. logl Cso: half maximal inhibitory concentration; QSAR: quantitative structure-activity relationship; SHAP: Shapley additive

explanations.
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To verify that featureimportance reflects genuine feature-target
relationships rather than noise memorization, we compared
SHAP importance values across 5 cross-validation folds. The
top 10 features maintained consistent rankings across all folds
(Table 5).

Thelow across-fold SDs (range: 0.03-0.10) demonstrate robust
stability of feature importance rankings, providing strong
evidence that these molecular descriptors capture genuine
structure-activity relationships rather than overfitting artifacts.
The consistency of feature rankings across all cross-validation
folds validates their biological interpretability and rules out
model memorization of fold-specific noise. If the model were
overfitting to noise specific to individual folds, we would expect
feature importance rankings to show high variance (SD>1.0)

https://ai.jmir.org/2026/1/e81552

XSL-FO

RenderX

T

0.2 0.3

Mean |SHAP Value|

0.4 0.5

across folds, with different features emerging as important in
different subsets of the data. Instead, the observed SDsremain
well below 1.0, with a maximum of 0.10 for r_gp_accptHB,
indicating that feature importance assessments are stable and
generdizable.

This cross-fold stability strongly validates the biological
relevance of the identified descriptors and supports the
mechanistic interpretation of antileukemia activity. The
dominance of global shape (r_qgp_glob), surface properties
(r_gp WPSA, r_gp_SASA), and lipophilicity descriptors
(r_gp_QPlogPC16) remains consistent across all validation
folds, demonstrating that these molecular features are true
drivers of thiadiazolidinone analog inhibitory activity against
leukemiacells, not artifacts of model overfitting. Thesefindings
provide reliable guidance for rational drug design optimization
aimed at improving antileukemia potency.
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Table 5. Featureimportance via SHAP? analysis with stability validation across cross-validation folds.

Rank Feature (fold-averaged ranking) Mean |SHAPvalue| Across-fold SD
1 r_gp_glob (global molecular shape) 0.515 0.03
2 r_gp_WPSA (weighted polar surface area) 0.502 0.04
3 r_gp_QPpolrz (polarizability) 0.490 0.05
4 r_gp_QPlogPC16 (partition coefficient) 0.482 0.06
5 r_gp_SASA (solvent-accessible surface area) 0.480 0.05
6 r_qgp_donorHB (hydrogen bond donor count) 0.478 0.07
7 i_desc_Sum of_topological_distances between O.Cl (topological distance) 0.468 0.08
8 r_gp_QPlogS (aqueous solubility) 0.465 0.06
9 r_desc_PEOESG (electronic properties) 0.453 0.09
10 r_gp_accptHB (hydrogen bond acceptor count) 0.440 0.10

8SHAP: Shapley additive explanations.

Learning Curvesand Model Stability

In learning curve anaysis, we evaluated model performance
(LightGBM as a case study for this study) as a function of
training set size to assess whether performance improvements
represent genuine learning or dataset artifacts:

«  Training on 10 compounds (nearest decile): LightGBM test
R?=0.82

« Training on 18 compounds (median): LightGBM test
R°=0.94

« Training on 24 compounds (70% split, standard):
LightGBM test R?=0.97

The monotonicimprovement intest performance withincreasing

training data indicates the model is learning generaizable

patterns rather than memorizing. A memorizing model would
show no improvement or random fluctuations.

Discussion

Principal Findings
In this study, isotonic regression ranked first with the lowest

test MSE (0.00031 + 0.00009) and R? of 0.888 + 0.012,
outperforming baseline models by over 15% in explained
variance. However, the strong performance of ensemble
methods, particularly LightGBM and random forest, on internal
validation, suggests they captured nonlinear relationships in
this specific dataset of 35 compounds. LightGBM and random
forest achieved high internal validation metrics (LightGBM

[training: R?=0.9809, MSE=0.000504; testing: R?=0.9709,
MSE=0.00063]; random forest [training: R?=0.9809,

MSE=0.000504; testing: R?=0.9709, MSE=0.00061]),
demonstrating robust performance on the training and testing
data with modest train-test degradation. Whether these models
generalize to other thiadiazolidinone derivatives or different
leukemia inhibitor classes requires external validation. This
internal performance aligns with prior studies where ensemble
methods excelled in biological datasets, such as cancer
transcriptome survival analysisand DNA polymeraseinhibition

https://ai.jmir.org/2026/1/€81552

analysis, dueto their capacity to handle high-dimensional, sparse
molecular descriptors.

The minimal performance gap between training and testing
metrics  (LightGBM:  AMSE=+0.000126, X GBoost:
AMSE=+0.000136, CatBoost: AMSE=+0.000097, random
forest: AM SE=+0.000106, gradient boosting: AM SE=+0.0002,
AdaBoost: AMSE=+0.0001, and isotonic regression:
AM SE=+0.000063) highlights good generalization within this
dataset, acritical advantage given the multicollinearity observed
in QSAR datasetsfor leukemiainhibitors. However, the limited
sample size (n=35) and single dataset necessitate caution in
extrapolating findings to broader compound classes.
LightGBM’s superior performance over neural networksfurther
emphasizes gradient-boosting ML's adaptability to sparse
feature spaces, afinding consistent with their successin cancer
biomarker prediction.

In contrast, linear models such as lasso regression revealed the
necessity of regularization for sparsity management, though at
the cost of predictive accuracy, atrade-off well-documented in
antileukemia drug-discovery applications.

Biological Validity of Identified Features

SHAP analysis identified global molecular shape (r_gp_glob)
as the most critical and consistent determinant of antileukemic
activity among all features, with the highest mean absolute
SHAP value (=0.52) and consistent ranking across algorithmic
approaches (LightGBM, random forest, XGBoost, and PLS).
Thisfinding alignswith established principles of protein-ligand
recognition: 3D molecular conformation and overall shape are
fundamental determinants of GSK3(3 binding pocket
complementarity. For GSK3B inhibition, the adenosine
triphosphate—binding pocket and allosteric DFG (amino acids
aspartate, phenylalanine, and glycine)—out binding site contain
topologically complex surfaces requiring precise molecular
shape matching for optimal engagement [57]. The prominence
of global shape descriptors underscores that thiadiazolidinone
analogs must adopt conformations compatible with leukemia
target geometry to achieve effective inhibition.
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The second-ranked feature, weighted polar surface area
(r_gp_WPSA; mean SHAP value =0.50), reflects the critical
importance of surface polarity distribution in modulating both
cellular permeability and target interaction. Surface polarity
influences charge distribution and electrostatic interactions
essential for GSK 3 recognition and leukemia cell membrane
permesation, a principle central to effective anticancer drug
design. Strategic placement of polar atoms across the molecular
surface enables favorable interactions with protein residues
while maintai ning adequate membrane permesbility, abalancing
act that has proven essential for oral bioavailability of drugs
beyond Lipinski’s Rule of Five.

Polarizahility (r_gp_QPpolrz =0.49) emerges asthe third most
important feature, emphasizing how electronic polarization
capacity influences induced dipole interactions and electronic
complementarity with target proteins [58,59]. Electronic
properties govern charge redistribution upon protein binding
and modul ate the strength of transient el ectrostatic interactions
critical for binding specificity and inhibitory potency against
leukemia targets. Recent computationa studies have
demonstrated that ligand polarization energiesin protein-ligand
complexes can range from —10 to —128 kcal/mol, with induced
polarization playing a pivotal role in determining binding
affinity [58].

Partition  coefficient  (r_gp_QPlogPC16; =0.48) and
solvent-accessible surface area (r_gp_SASA; =0.48) rank fourth
and fifth, reflecting the dual role of lipophilicity and surface
accessibility in cellular bioavailability and target engagement.
These descriptors elucidate how thiadiazolidinone compounds
interact within lipophilic cellular environments while
maintaining sufficient surface accessibility for productive
protein-ligand interactions [60,61]. The balance between
hydrophobic membrane penetration and hydrophilic surface
propertiesis essential for reaching intracellular GSK 33 targets
in leukemia cells[62].

Hydrogen bond donor count (r_gp_donorHB; =0.48) ranks
sixth, reinforcing the established significance of hydrogen
bonding in molecular interactions [63,64]. Crystal structures of
GSK3B bound to thiadiazolidinone analogs reveal extensive
hydrogen bonding networks involving backbone amidesin the
adenosine triphosphate-binding pocket, confirming the
mechanistic importance of donor capacity. Thisiscomplemented
by topological distance descriptors
(i_desc_Sum of topological_distances between_0.Cl;=0.47),
which ranks seventh and emphasizes steric complementarity
requirements and 3D positioning of functional groups [65].
These observations mirror findings from other antileukemia
studiesinwhich atomic spacing and spatial arrangement dictated
binding specificity and target selectivity.

Aqueous solubility (r_gp_QPlogS, =0.47) ranks eighth,
emphasizing how bioavailability impacts thiadiazolidinone
analog ability to reach leukemia targets effectively [66-70].
Poor aqueous solubility restricts drug bioavailability and cellular
accessibility, awell-established principlein medicinal chemistry.
Electronic properties from Partial Equalization of Orbital
Electronegativity (r_desc PEOEG; =0.45) rank ninth, providing
mechanistic insights into electrostatic distribution and its role
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in hydrogen bonding and el ectrostatic interactionswith GSK3[3
[71,72].

Hydrogen bond acceptor count (r_gp_accptHB; =0.44) ranks
tenth among the top features, suggesting that while acceptor
capacity contributesto molecular interactions, it is subordinate
to globa shape, surface properties, and polarizability in
determining antileukemic activity [73,74]. This contrasts with
earlier assumptions based on theoretical hydrogen bonding
principles and highlights that the overall 3D presentation and
electronic properties of the molecule supersede individual
hydrogen bonding parameters alone. However, the relative
importance of these features reflects patterns specific to this
35-compound training set and cannot be generalized to other
thiadiazolidinonelibraries or leukemiainhibitor classeswithout
external validation.

Implications for Rational Thiadiazolidinone
Optimization

These SHA P-derived rankings provide actionabl e prioritization
for thiadiazolidinone analog design. The dominance of shape,
polarity, and polarizability descriptors suggeststhat optimization
efforts should focus on: (1) refining molecular conformation to
enhance GSK3B pocket complementarity, (2) strategic
modification of polar surface distribution to balance membrane
permeability and target interaction, and (3) tuning electronic
polarizability to maximize induced-fit interactions. Secondary
optimization can then address hydrogen bonding and solubility
parameters, recognizing their supporting but nondominant roles.
However, the relative importance of these features reflects
patterns specific to this 35-compound training set and cannot
be generalized to other thiadiazolidinone libraries or leukemia
inhibitor classes without external validation.

Limitations and Statistical Consider ations

The models’ consistently low error distribution across activity
ranges indicates a reliable fit for moderate-activity
thiadiazolidinone compounds but exposes limitations in
predicting extreme potencies against leukemiacells. Thisreflects
known challenges in QSAR modeling of structure-activity
relationships in small compound libraries, wherein outlier
compounds often deviate from ensemble-based predictions. The
clustering of MedAE around low values suggests that while the
models capture general trends in the moderate potency range,
they may struggle with highly potent leukemia inhibitors, a
critical gap for antileukemia drug discovery pipelines. This
limitation likely stems from insufficient representation of
extreme-activity compounds in the training dataset, acommon
issue in biochemical datasets for rare or novel compounds.
Future work could address this through synthetic minority
oversampling techniques or adversarial training strategies
specifically tailored to leukemiainhibitor discovery.

Critical Limitations: Absence of External Validation

Overview

The most significant limitation of this work is the lack of
external validation on independent compound datasets. Our
models were trained and tested exclusively on a single curated
library of 35 thiadiazolidinone analogs. While internal
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cross-validation and train-test performance metrics suggest
robust pattern learning within this dataset, external validation
is essential for establishing genuine predictive utility beyond
these specific compounds. Future research must prioritize the
following.

External Dataset Validation

This is the testing on thiadiazolidinone analogs from
independent studies or different synthetic laboratories with
documented | C, (half maximal inhibitory concentration) val ues.
This would definitively assess whether our models capture
transferable chemistry-based structure-activity relationships or
merely dataset-specific petterns. Literature sources such as
ChEMBL [75] contain published thiadiazolidinone derivatives
with reported biological data suitable for validation.

Prospective Experimental Validation

Thisisthe synthesis and testing of a subset of high-confidence
model predictionsto validate model utility for discovering novel
inhibitors. Experimentally confirming predictionswould provide
strong evidence that the model has learned meaningful
relationships transferable to novel compounds. This should
include (1) selection of predicted compounds with high model
confidence (top 1%-5% of predictions), (2) synthesis using
established thiadiazolidinone chemistry protocols, (3) evaluation
in leukemia cell lines (HL-60 and K562) to measure
experimental 1Cy, values, and (4) comparison to model

predictions and calculation of prediction errors.

Applicability Domain Analysis

Defining the chemica space in which model predictions are
reliable through convex hull analysis or distance-based methods
enables end users to assess prediction confidence for novel
compounds.

Sample Size Consider ations

Overview

This study used 35 experimentally validated compounds with
220 molecular descriptors, resulting in afeature-to-sampleratio
of approximately 6:1. While this presents challenges for
statistical generalization, severa factors mitigate these concerns.

Methodological Design for Small Datasets

The selection of ensemble methods (LightGBM and random
forest) and regularization-based approaches (ridge, lasso, and
PLS) is specifically justified by their proven effectiveness in
high-dimensional, small-sample biological datasets. Literature
on ML applications to drug discovery datasets (n=30-100
compounds) with high-dimensional features demonstrates robust
performance when properly regularized and cross-validated.

Cross-Validation Performance Stability

The consistency of cross-validation metricsacrosstraining folds
and the minimal train-test performance gap indicate that our
models captured generalizabl e patterns rather than memorizing
noise. Thisisfurther supported by the biological interpretability
of SHAP-identified features (global shape, surface properties,
and polarizability) and their consistent ranking across all
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algorithmic approaches, providing independent validation of
feature relevance.

Dataset Context

The 35 compounds represent a carefully curated library of
experimentally validated thiadiazolidinone analogs with
high-confidence activity measurements. Quality over quantity
is critical in drug discovery, where rigorously characterized
compounds are more valuable than larger datasets with
heterogeneous measurement conditions or uncertain potency
values.

However, we acknowledge that expansion to 100-300
compounds would substantially strengthen conclusions and
reduce feature-to-sample ratio concerns.

Methodological I ntegration: SHAP-Driven Feature
Interpretation

The integration of SHAP values bridges the
interpretability-accuracy dividein leukemiadrug devel opment.
While simpler linear models underperformed ensemble
approaches by 15-20 percentage points, SHAP's ability to
deconvolute feature contributions enables actionable insights
into optimization targets without sacrificing predictive
performance. The identification of global molecular shape
(r_gp_glob) and weighted polar surface area (r_gp_WPSA) as
consistently top-ranked predictors provides direct optimization
targets for medicina chemists: systematic exploration of
conformational space and polar surface distribution to enhance
GSK3p binding and leukemia target engagement.

Conversely, thelower-ranked status of hydrogen bond acceptor
count (r_qp_accptHB), despite earlier theoretical importance,
suggeststhat in the context of thiadiazolidinone anal ogs against
leukemiatargets, 3D shape and el ectronic properties supersede
isolated hydrogen bonding parameters. This dataset-specific
finding highlights the importance of data-driven feature
prioritization over theoretical assumptionsin QSAR workflows.

While our model s emphasi ze shape, polarity, and polarizability
indices, other leukemia studies using different inhibitor classes
or targets have prioritized alternative molecular descriptors such
as bonding, topological, and el ectronic, 2D, 3D, and molecul ar
dynamics (M D) descriptors[76-78]. Such discrepancies reflect
the unique characteristics of thiadiazolidinone anal ogs and their
specific  mechanisms against leukemiarelevant targets,
underscoring the need for experimental validation of predicted
rankings and mechanistic hypotheses. These insights remain
predictive rather than mechanistic until validated through
external datasets and experimental synthesisof high-confidence
predictions.

Multiparameter Optimization Complexity

Developing leukemia drugs based on these insights involves
navigating complex multiparameter optimization. For instance,
enhancing global shape complementarity may require
conformational constraints that reduce molecular flexibility,
potentially interfering with solubility characteristics or target
selectivity [79]. Similarly, optimizing weighted polar surface
area might compromise membrane permeability, requiring
Pareto-front analysis to determine optimal thiadiazolidinone
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analog profiles balancing GSK3[ inhibition with cellular
biocavailability [57].

Moreover, the potentia for off-target toxicity to normal
hematopoietic cells emphasizes the need for simultaneous
cellular toxicity profiling with healthy leukocytes during lead
optimization, a strategy increasingly integrated into
computational approaches for antileukemia drug design. The
identified structure-activity relationships should guide rational
design, while toxicity modeling ensures therapeutic selectivity
against malignant leukemia cells [80,81].

While SHAP identifies key features, molecular-dynamics
simulations are essential to validate the mechanistic
contributions of these descriptorsin thiadiazolidinone-leukemia
cell interactions[82]. Additionally, broadening the applicability
domaintoinclude avariety of leukemiacell lines could improve
the model’s generalizability, considering the diverse nature of
leukemia. Future research should incorporate prospective
external validation on published thiadiazolidinone compounds,
experimental synthesisand testing of model-predicted inhibitors,
and MD simulations. Future investigations should also
incorporate hybrid models that integrate ensemble techniques
with graph neural networksto account for both topological and
electronic factors critical to leukemia inhibition. Moreover,
future screening of small molecule libraries, such asthe NEXT
Diversity Library and the Anti-Blood Cancer Compound
Library, could identify novel chemical leads for leukemia
treatment after computational predictions are experimentally
validated.

Conclusions

This ML-based QSAR analysis identified structure-activity
patterns and key molecular properties associated with
antileukemia activity in a carefully curated library of 35
thiadiazolidinone anal ogs. | sotonic regression achieved superior
performance with thelowest test M SE (0.00031 + 0.00009) and

R? of 0.888 + 0.012, outperforming baseline models by over
15% in explaned variance. Ensemble methods
(RF/LightGBM/XGBoost) also demonstrated strong internal
validation performance, capturing nonlinear relationships
between molecular features and antileukemic activity within
this dataset. SHAP analysis consistently identified global
molecular shape (r_gp_glob), weighted polar surface area
(r_gp_ WPSA), and polarizahility (r_gp_QPpolrz) astheprimary
determinants of antileukemic activity across multiple algorithms
(LightGBM, random forest, XGBoost, and PLS), suggesting
that these molecular descriptors, rather than isolated hydrogen
bonding parameters, are the critical drivers of compound
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efficacy. Thisfinding alignswith those reported in other studies
[83-85]. The computational analysis provided mechanistic
insights into thiadiazolidinone structure-activity relationships,
revealing that optimization efforts should prioritize
conformational refinement to enhance binding pocket
complementarity, strategic modulation of polar surface
distribution to balance membrane permeability and target
engagement, and tuning of electronic polarizability to maximize
induced-fit interactions. While secondary features, including
hydrogen bonding capacity (r_gp_donorHB), topological
complementarity, and solubility (r_gp_QPlogS), contribute to
overal potency, their subordinate ranking suggests that global
shape and surface properties represent the primary optimization
targets for advancing thiadiazolidinone development against
leukemia. This methodology expedites the identification and
rational design of improved compounds by directing medicinal
chemistry efforts toward the molecular descriptors with the
highest predictive impact on bioactivity. However, validation
of these relationships is essential before recommending
optimization strategies. It offers asystematic analytical pathway
to analyze resistance challengesin leukemia treatment through
computationally guided precision. Such potential can only be
realized through rigorous external validation.

While limitations persist in predicting extremely potent
compounds and in the generalizability of findings beyond this
35-compound dataset, this study provides a methodological
foundation and hypothesis-generating insights for future
validation efforts. Future studies should prioritize (1) external
validation on published thiadiazolidinone compounds from
independent sources, (2) prospective experimental testing of
model-predicted high-potency compounds, (3) expanded datasets
(150-300+ compounds) to reduce feature-to-sample ratio
concerns, and (4) mechanistic validation through MD
simulations. Parallel analyses of other drug families should lead
to thediscovery of alternative optimization targets with distinct
mechanisms of action. Only after such validation efforts should
broad claims about predictive utility and therapeutic impact be
made. Recommended future improvements include: (1)
integration of dynamic 4D descriptors as compound libraries
expand, (2) multistep external validation protocols, (3)
experimental screening across multiple leukemia subtypes, (4)
mechanistic elucidation through MD and crystallography, and
(5) eventual integration with generative Al approaches oncethe
predictive framework is validated. This approach bridges
computational analysis with essential future experimental
validation, providing a systematic methodology to advance
research in personalized therapies in leukemia treatment.
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Abstract

Background: HIV viral suppression is essential for improving health outcomes and reducing transmission rates among people
living with HIV. In Uganda, where HIV/AIDS is amajor public health concern, machine learning (ML) models can predict viral
suppression effectively. However, the limited use of explainable artificial intelligence (XAl) methods affects model transparency
and clinical utility.

Objective: This study aimed to develop and compare ML models for predicting viral nonsuppression in Ugandan people living
with HIV on antiretroviral therapy (ART), and then systematically apply comprehensive XAl techniques to the best-performing
model to identify key predictors and demonstrate interpretability at both population and individual patient levels.

Methods: We retrospectively analyzed clinical and demographic data from 1101 Ugandan people living with HIV on ART at
the HIV clinic in Muyembe Health Centre IV between June 2016 and April 2018, focusing on predicting viral nonsuppression
(viral load >1000 copies per milliliter). The dataset was divided into model-building (training: 80%) and validation (test: 20%)
sets. To address class imbalance, the synthetic minority over-sampling technique was applied. For global explanation, 8 ML
algorithms—I| ogistic regression, stacked ensemble, random forest, support vector machines, extreme gradient boosting (X GBoost),
k-nearest neighbors, naive Bayes, and artificial neural networks—were compared. Model performance was evaluated using
metrics such as accuracy, precision, recal, F;-score, Cohen K, and area under the curve (AUC). For local explanation, individual
conditional expectation plots, Shapley Additive Explanations (SHAP), breakdown, and SHAP force plots were used to provide
insights into predictions for individua patients.

Results: The XGBoost ensemble model demonstrated superior performance with an accuracy of 0.89, precision of 0.59, recall
of 0.65, and AUC of 0.80. The model achieved high specificity (0.93) and moderate sensitivity, yielding a Cohen k of 0.55 and
F,-score of 0.62, indicating good discriminative ability for viral nonsuppression prediction. SHAP feature importance analysis
identified adherence assessment over the preceding 3 months as the most influential predictor of viral nonsuppression, followed
by age group, urban residence, and duration on ART. Local SHAP consistently demonstrated that poor adherence wasthe primary
driver of both correctly identified nonsuppressed cases and false positive predictions, reinforcing adherence as the critical
determinant of treatment outcomes.

Conclusions: The XGBoost model demonstrated optimal performance for predicting viral nonsuppression among Ugandan
people living with HIV on ART, achieving an AUC of 0.80. Comprehensive XAl analysis identified adherence assessment as
the primary predictor, followed by age group, residence type, and ART duration. XAl methods provided transparent interpretation
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of model predictions at both population and individual patient levels, enabling identification of key risk factorsfor targeted clinical

interventions in resource-limited settings.

(IMIR Al 2026;5:€68196) doi:10.2196/68196

KEYWORDS

HIV viral suppression; machine learning; explainable Al; artificia intelligence; antiretroviral therapy; adherence; Uganda;
predictive modeling; X GBoost; extreme gradient boosting; clinical decision-making; public health

Introduction

HIV/AIDSremainsamajor public health issuein Uganda, with
an estimated 1.4 million people living with the virus and an
adult prevalence of 5.2%. According to the most recent
estimates, approximately 93% of individuals living with HIV
in Uganda are currently receiving antiretroviral therapy (ART)
[1,2]. Despite challenges, progress is evident with 1.2 million
individuals on antiretroviral treatment and a 44% reduction in
new infections since 2010. Significant strides have been made
in reducing pediatric HIV infections by 61%, though vertical
transmission rates after breastfeeding remain at 8.6%. Continued
effortsare essential to meet the goal of ending AIDSasapublic
health threat by 2030 [1-3].

Viral load monitoring remains a crucial component of ART
success due to its early detection of treatment failure, enabling
timely interventions to address adherence issues or drug
resistance [1]. It distinguishes between true drug resistance and
temporary adherence lapses, allowing for targeted interventions
without unnecessary medication changes[4]. In addition, public
health officials can eval uate program effectiveness and identify
areas for improvement by tracking trends in viral suppression
rates. Achieving viral suppression, defined by the World Health
Organization (WHO) as an HIV viral load <1000 copies per
milliliter, is the primary goa of ART for people living with
HIV. This public health threshold, used for global monitoring
and in resource-limited settings, differsfrom clinical thresholds
used in high-income countries (<200 or <50 copies per milliliter
for “undetectable” status) [5-8]. Thiscrucia milestone not only
significantly reduces the risk of transmitting HIV to sexual
partners but also minimizes the risk of mother-to-child
transmission during breastfeeding. However, predicting and
achieving viral suppression can be challenging due to the
complex interplay of factors beyond adherence to ART
medication. Research suggests that factors such as age, sex,
sociodemographic characteristics, clinical, treatment, and
potentially psychological factorsalso play aroleininfluencing
treatment success[9-11]. Consequently, thereisgrowing interest
in using machine learning (ML) models to enhance prediction
accuracy.

ML anayzes complex, high-dimensional data and captures
complex relationships between variables[12]. Rajulaet al [12]
further state that this capability is valuable in HIV vird
suppression prediction, where traditional statistical methods
often struggle with this type of data, potentially overlooking
crucial factors influencing viral failure risk. Several studiesin
Eastern and Southern Africa have demonstrated the potential
of ML agorithms such asrandom forest and logistic regression
for predicting viral suppression in HIV [13-18]. For instance,

https:/ai jmir.org/2026/1/e68196

Mamo et a [18] demonstrated the potential of ML approaches,
achieving an area under the curve (AUC) of 0.9989 for viral
failure prediction using random forest with a comprehensive
methodology including cross-validation and imbalanced data
handling. While these results are promising, the near-perfect
performance highlights the need for external validation studies
to establish realistic performance benchmarks and confirm the
generalizability of ML modelsin diverse HIV care settings.

Despite significant advancements in ML for predicting HIV
viral suppression, the adoption of explainable artificial
intelligence (XAI) techniques, which provide transparent
insights into how models make predictions, remains limited
within this domain [19]. Our study hypothesized that
comprehensive X Al techniques could be successfully integrated
with ML models to provide interpretable predictions for HIV
viral suppression in aresource-limited setting, identifying key
risk factors at both population and individual patient levels.
Thisgap presentsacritical opportunity for improvement through
theimplementation of local and global interpretability methods.

Our study addressed this limitation by developing and
comparing ML modelsfor HIV viral suppression predictionin
Ugandan people living with HIV, and then systematically
applying comprehensive XAl techniques to enhance model
interpretability. Multiple ML agorithms were built and
compared, XAl methods were applied to the best-performing
model to identify key predictive factors, and interpretability
was demonstrated at both population and individual patient
levels. Thisintegrated approach combined predictive accuracy
with transparent model interpretation, providing actionable
insightsfor clinical decision-making in resource-limited settings.

Methods

This section outlines the methodological approach used to
achieve our research objectives (Multimedia Appendix 1).

Study Design

This study conducted a secondary analysis of a retrospective
cohort dataset originally collected by Wakooko et al [11], who
used traditional binary logistic regression analysis. The original
study reviewed clinica records of people living with HIV on
ART for at least 6 months at Muyembe Health Centre IV
(HCIV), the primary ART site in Bulambuli District, Uganda.
In contrast to the origina analysis, this study used ML
approaches to develop predictive models for viral suppression
outcomes. Furthermore, XAl techniques were applied to the
best-performing model to provide insights into the factors
influencing viral suppression, enhancing both model
interpretability and transparency in the clinical decision-making
process.
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Study Setting

Thisstudy used adataset collected in Bulambuli District, located
in Eastern Uganda, with Muyembe HCIV serving as the sole
data source. Although the district comprises 10 Health Centre
Ills and 1 HCIV, Muyembe HCIV functions as the district’s
primary and fully operational ART site. It maintains the most
complete ART records and provides centralized HIV care for
the area (Multimedia Appendix 2).

Ngemaet al

Study Population, Sampling, and Data Acquisition

This study used asecondary dataset sourced from the Mendeley
data repository [20], comprising information extracted from
medical records of people living with HIV who received ART
at Muyembe HCIV between June 2016 and April 2018. The
study population consisted of people living with HIV enrolled
in care at Muyembe HCIV during the study period. From an
initial cohort of 2050 people living with HIV enrolled at the
facility, 1101 participants met the inclusion criteria and were
included in the final study sample. A total of 949 individuals
were excluded for not meeting the inclusion criteria (Figure 1).

Figure 1. Flowchart of participant selection for the study of people living with HIV on ART at Muyembe Health Centre |V, June 2016 to April 2018.
ART: antiretroviral therapy.

Study population flowchart
Muyembe Health Centre [V HIV clinic, Uganda
Study period: June 2016-April 2018 | Data collection: Abstraction tool

Initial study cohort

2050 people living with HIV

\

Inclusion criteria applied

= (n ART for =6 months
» Viral load test results available

» All ages (pediatric to adult populaticns)

Included in study

1101 records

Excluded from study
949 individuals

P
Data collection method
* Data abstraction tool
* Electronic medical records

The dataset included demographic, clinica, and

treatment-related variables of peopleliving with HIV receiving
ART. Variables such as age, sex, WHO clinical stage at ART
initiation, ART regimen, cluster of differentiation 4 (CD4) count
at ART initiation, adherence assessment, and treatment duration
were incorporated into the analysis (Table S2 in Multimedia
Appendix 3 provides comprehensive mapping between variable
descriptions, code names, and original data codes). Adherence
assessment was conducted by reviewing patient treatment cards,
which contained documented records of medication adherence
over the preceding 3 months asrecorded by health care providers
during routine clinic visits.
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* Mo viral load test results

The primary outcome of interest in this study was vira
nonsuppression, defined asaviral load greater than 1000 copies
per milliliter, consistent with Uganda's national antiretroviral
treatment monitoring guidelines [6]. To facilitate model
predictions and subsequent clinical interpretation, viral load
measurementswere dichotomized, whereby viral nonsuppression
was assigned avalue of 1 (positive class), and viral suppression
was assigned a value of 0.

Inclusion and Exclusion Criteria

Participantswere eligible for inclusionif they were on ART for
6 months or longer and had viral load test results available. All
ageswereincluded, covering awide range of peopleliving with
HIV from pediatric to adult populations.
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Data Preparation and Preprocessing

The dataset was randomly partitioned into training (80%) and
testing (20%) subsets, with stratification to preserve the outcome
variable distribution (viral suppression status). We assessed
missingness patterns across all 27 variables initially extracted
from the dataset (Table S1 in Multimedia Appendix 3). Factor
level swere harmonized across subsets, and variableswith more
than 80% missingness (specific other medication, reason for
stopping ART, and specific opportunistic infection) were
excluded. All preprocessing steps, including imputation, were
performed exclusively on the training dataset to prevent data
leakage and ensure unbiased model evaluation. Remaining
features underwent systematic cleaning, including mean
imputation for numeric variables and mode imputation for
categorical predictors, with clinically informed handling of
missing valuesthrough “unknown” categoriesfor marital status
and supporter relationships to preserve potential clinical
significance of missingness patterns. Ordinal variables (eg,
WHO clinical stage, age group, ART duration, adherence
assessment, weight, and time before viral load testing) were
encoded as ordered factors, ensuring that clinically meaningful
ordering was preserved. Nominal categorical variables (eg, sex,
marital status, residence type, opportunistic infection history,
tuberculosis history on ART, point of entry in ART clinic, ART
history, ART supporter presence, supporter relationship, reported
side effects, dosing frequency, and pre-ART counseling status)
were harmonized across datasets, aligned to consistent reference
categories, and subsequently one-hot encoded using dummy
variables. The derived categorical variable CD4 lymphocyte
count category was removed in favor of retaining the original
continuous CD4 lymphocyte count at ART initiation.

Two distinct preprocessing pipelines were implemented. The
first did not apply any class-imbalance technique and relied
solely on structured preprocessing steps using the recipes
package (dummy encoding, normalization, ordinal scoring, and
zero-variance removal). The second pipeline addressed class
imbalance by applying the synthetic minority over-sampling
technique (SMOTE) to the training data, followed by support
vector machine-recursive feature elimination (SVM-RFE) for
feature selection of predictors. Feature set sizes varied across
model implementations: the final dataset contained 20 features,
preprocessing expanded thisto 25 featuresfor selected models,
while other feature selection approaches yielded reduced sets
of 13 features for the extreme gradient boosting (XGBoost)
model. All augmentation and feature sel ection procedureswere
applied exclusively to training data, preserving test set integrity
and enabling systematic evaluation of different preprocessing
strategies while maintaining fully standardized, reproducible,
and leakage-free datasets suitable for downstream model
development.

Model Training and Tuning

This section outlines the key steps undertaken to develop ML
models for predicting HIV viral suppression among patients
receiving ART in Uganda. The following subsections describe
model building and model performance and evaluation.

https:/ai jmir.org/2026/1/e68196
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Model Building

A diverse set of ML models was developed to predict vira
nonsuppression status, including random forest, XGBoost,
artificial neural networks, support vector machines, logistic
regression, k-nearest neighbors, naive Bayes, and a stacked
ensemble with random forest and XGBoost base learners and
an XGBoost meta-learner. Stacked ensembles are a 2-level
modeling strategy that harnesses the strengths of multiple ML
models [21,22]. Model development used nested 10-fold
cross-validation to optimize hyperparameters and minimize
overfitting. Each algorithm was trained using structured
hyperparameter grids. These modelswere chosen based on their
proven effectiveness in classification tasks and their ability to
handle complex relationships within the data.

Modedl Performance and Evaluation

Evaluation incorporated a comprehensive set of metrics,
including accuracy, precision, recall (sensitivity), specificity,
F,-score, Cohenk, and AUC. Performance was assessed through
bothinternal cross-validation and independent test sets, enabling
robust benchmarking of the models. In addition, feature
importance and the stability of selected predictors were
examined to compare model behavior across the imbalanced
and SMOTE-SVM-RFE pipelines.

Recall was prioritized due to its clinica importance in
identifying patients at high risk for failing to achieve viral
suppression. The F;-score offered a balanced view of precision
and recall, particularly useful for imbalanced datasets. Cohen
K accounted for the possibility of agreement occurring by
chance, providing amore robust measure than simple accuracy.
Thereceiver operating characteristic curve visually represented
the trade-off between true positive (TP) rates and false positive
(FP) rates, with the AUC quantifying the model’ s discriminative
ahility.

Following model training, the optimal classification threshold
was determined using the Youden J datistic
(sensitivity+specificity—1) on thetraining set receiver operating
characteristic curve [23]. This approach maximizes the
combined sensitivity and specificity and representsa posttraining
internal validation step that does not influence model fitting.
The resulting threshold was held fixed and applied unchanged
to the independent test set for all performance metric
calculations and confusion matrix computation.

Probability calibration was performed using isotonic regression
fitted on the training set predictions [24]. The fitted calibration
function wasthen applied to the independent test set to generate
calibrated probability estimates. A calibration plot was created
for the best-performing model to evaluate alignment between
predicted probabilities and actual outcomes. Brier scores were
calculated to quantify the accuracy of probabilistic predictions
before and after calibration [25].

Interpretation Methods

Our research used a multifaceted approach to interpret the
best-performing model used for HIV vira suppression
prediction. This approach combined global and local
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interpretability techniquesto understand how featuresinfluenced
the model’s decisions.

Global Explanation

Weincorporated global Shapley Additive Explanations (SHAP)
for interpretability, which assigned attribution values to each
feature, explaining its contribution to specific predictions [26].
SHAP summary plots helped identify the most important global
featuresinfluencing the best model’s predictions. Furthermore,
we used dependence plots to visualize the average effect of
individual features on predictions, showing how the predicted
outcome (eg, viral nonsuppression) changed in response to
variations in each feature [27].

Local Explanation

Local interpretability techniques examined the reasoning behind
individual predictions[19]. Individual conditional expectations
(ICEs) were used to illustrate how changesin a single feature,
while holding others constant, impacted predictions for each
participant [28,29]. Breakdown plots further decomposed
predictions into contributions from individua features,
visualizing their influence on specific predictions [29,30]. In
addition, SHAP was used to explore feature interactions and
their influence on individual predictions, providing deeper
insight into local model reasoning.

Softwar e and Analytical Tools

The analysis was conducted on a machine with the following
specifications: graphics: Intel Iris Plus Graphics 1536 MB,
RAM: 16 GB 3733 MHz LPDDR4X, and processor;: 2 GHz
Quad-Core Intel Core i5, running macOS Sonoma (version
14.6.1; 23G93). The programming languages used include
Python (version 3.9; Python Software Foundation) and R
(version 4.3.3, 202-02-29, “Angel Food Cake’; R Foundation
for Statistical Computing), with RStudio 2024.09.0+375 (Posit
Software, PBC) serving as the integrated development
environment for both R and Python, while Stata 18 SE
(StataCorp LLC) was used to import and perform preliminary
descriptive analyses on the raw dataset, which was provided in
Stata's proprietary .dta file format. The RSata package was
used to import and describe the datain R.

Python integration was achieved via the reticulate package,
using pandas for data manipulation. In R, dplyr was used for
cleaning and renaming columns, improving data clarity. Data
wrangling and preprocessing were conducted using a suite of
R packages. The dplyr package was used for data manipulation
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tasks, such as filtering, mutating, and summarizing data. The
tidymodels framework was used for recipe creation and model
baking. ML models were trained and evaluated using the caret
package, supporting hyperparameter tuning and cross-validation.
To ensure interpretability, a suite of XAl packages—iml, vip,
pdp, breakDown, SHAPforxgboost, and DALEX—was used,
providing tools for variable importance, partial dependence
plots, breakdown plots, and SHAP[19].

Ethical Consider ations

The original study, titled “Vira Load Suppression and
Associated Factors among HIV Patients on Antiretroviral
Treatment in Bulambuli Digtrict, Eastern Uganda: A
Retrospective Cohort Study” by Wakooko et al [11], received
ethics approval from both the Busitema University Faculty of
Health Sciences Higher Degrees and Research Committee and
the Mbale Regional Referral Hospital Research and Ethics
Committee (Ref: MRRH-REC-IN-COM 081/2018). Permission
to conduct the study was further obtained from the Bulambuli
District Health Office. A waiver of informed consent was
granted, as the study involved secondary analysis of existing
medical records initially collected for routine patient care.
Participant privacy and confidentiality were maintained through
deidentification procedures: the data abstraction tool used
numerical identifiers rather than names, ensuring that no
individual persona data were exposed, and all collected data
were stored securely with access restricted to research personnel.
No compensation was provided to participants, as no direct
participant contact occurred. The research presented no risk of
harm to participants. For this current secondary analysis study,
ethics approval was granted by the School of Consumer
Intelligence and Information Systems Research Ethics
Committee of the University of Johannesburg (approval:
2024SCiiS029).

Results

This section presents the findings from our analysis of the ML
models developed to predict HIV viral suppression among
Ugandan people living with HIV receiving ART.

Clinical and Demographic Profile

This study analyzed baseline sociodemographic, clinical, and
biomarker data to understand factors influencing viral
suppression among patients receiving ART in Uganda. A
detailed breakdown of these features stratified by viral
suppression status is presented (Table 1).
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Table 1. Baseline sociodemographics, clinical factors, and biomarkers of people living with HIV on antiretroviral therapy (ART) in a retrospective
cohort study in 2019, Bulambuli District, Uganda.

Predictors Total (N=1101) Suppressed <1000 RNA copies per milliliter ~ Not suppressed >1000 RNA copies per
(n=944) milliliter (n=157)

Age group (years)

0-5 24 (2.2) 20 (2.1) 4(2.5)

6-12 69 (6.3) 50 (5.3) 19 (12.1)

13-19 41(3.7) 28(3) 13(8.3)

20-35 434 (39.4) 372 (39.4) 62 (39.5)

Above 35 533 (48.4) 474 (50.2) 59 (37.6)
Sex

Male 334(30.3) 289 (30.6) 45 (28.7)

Female 767 (69.7) 655 (69.4) 112 (71.3)
Marital status

Single 301 (27.3) 237 (25.1) 64 (40.8)

Married 713 (64.8) 629 (66.6) 84 (53.5)

Divorced 87 (7.9) 78(8.3) 9(5.7)
Residence type

Rural 678 (61.6) 588 (62.3) 90 (57.3)

Urban 423 (38.4) 356 (37.7) 67 (42.7)
Adherence assessment last 3 months

Poor <80% 78(7.1) 19 (2) 59 (37.6)

Fair 80%-95% 147 (13.4) 96 (10.2) 51 (32.5)

Good >95% 876 (79.6) 829 (87.8) 47 (29.9)

WHO? clinical stage at ART initiation

Stage 1 239 (21.7) 200 (21.2) 39 (24.8)

Stage 2 540 (49) 462 (48.9) 78 (49.7)

Stage 3 313(28.4) 273(28.9) 40 (25.5)

Stage 4 9(0.8) 9(1) 0(0)
Weight at ART initiation (kg)

1-20 70 (6.4) 56 (5.9) 14 (8.9)

21-50 489 (44.4) 413 (43.8) 76 (48.4)

Above 50 542 (49.2) 475 (50.3) 67 (42.7)
Opportunistic infection history

Yes 80 (7.3) 68(7.2) 12(7.6)

No 1021 (92.7) 876 (92.8) 145 (92.4)
Tuberculosis history on ART

Yes 15 (1.4) 12 (1.3) 3(1.9)

No 1086 (98.6) 932 (98.7) 154 (98.1)
Point of entry in ART clinic

oPDP 921 (83.7) 791 (83.9) 130 (82.8)

Maternity 139 (12.6) 120 (12.7) 19 (12.1)

Antenatal care service 41 (3.7) 33(3.5) 8(5.1)

Duration on ART (months)
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Predictors Total (N=1101) Suppressed <1000 RNA copies per milliliter ~ Not suppressed >1000 RNA copies per
(n=944) milliliter (n=157)

36 10 (0.9) 8(0.8) 2(1.3)

7-11 33(3) 29 (3.1) 4(2.5)

12-24 346 (31.4) 288 (30.5) 58 (36.9)

More than 24 712 (64.7) 619 (65.6) 93 (59.2)
ART history

Yes 21(1.9) 17 (1.8) 4(2.5)

No 1080 (98.1) 927 (98.2) 153 (97.5)
Reported ART side effects

Yes 88 (8) 71(7.5) 17 (10.8)

No 1013 (92) 873 (92.5) 140 (89.2)
Frequency of ARV dosing

Once 693 (62.9) 603 (63.9) 90 (57.3)

Twice 408 (37.1) 341 (36.1) 67 (42.7)
Pre-ART counseling status

Yes 940 (85.4) 805 (85.3) 135 (86)

No 161 (14.6) 139 (14.7) 22 (14)
Treatment supporter presence

Yes 1028 (93.4) 883 (93.5) 145 (92.4)

No 73 (6.6) 61 (6.5) 12 (7.6)
Treatment supporter relationship

Care giver 224 (20.3) 196 (20.8) 28 (17.8)

Relative 606 (55) 516 (54.7) 90 (57.3)

Peer 13(1.2) 11(1.2) 2(1.3)

Biological parent 87 (7.9) 66 (7) 21 (13.9)

Marriage partner 171 (15.5) 155 (16.4) 16 (10.2)
Time beforeviral load test on ART (months)

6 110 (10%) 98 (10.4) 12 (7.6)

12 576 (52.3) 489 (51.8) 87 (55.4)

>12 415 (37.7) 357 (37.8) 58 (36.9)
Current ART regimen simplified

TDF%-based 737 (66.9) 642 (68) 95 (60.5)

AZT-based 325 (29.5) 271 (28.7) 54 (34.4)

ABC-based 33(3) 26 (2.8) 7(4.5)

Other ART 6 (0.5) 5(0.5) 1(0.6)
CD49 count category

<200 801 (72.8) 687 (72.8) 114 (72.6)

200-500 225 (20.4) 194 (20.6) 31(19.7)
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Predictors Total (N=1101) Suppressed <1000 RNA copies per milliliter ~ Not suppressed >1000 RNA copies per
(n=944) milliliter (n=157)
>500 75 (6.8) 63 (6.7) 12(7.6)

AWHO: World Health Organization.
boPD: outpatient department.

CARV: antiretroviral.

4TDF: tenofovir disoproxil fumarate.
€AZT: zidovudine.

fABC: abacavir.

9CD4: cluster of differentiation 4.

Among the 1101 people living with HIVV on ART, 944 (85.7%)
achieved vira suppression (<1000 RNA copies per milliliter).
Four key demographic and clinical factors demonstrated notable
patterns in relation to viral suppression outcomes.

Adherence patterns showed a strong association with vira
suppression. Among partici pantswith good adherence (>95%),
94.6% (829/876) achieved viral suppression compared to only
24.4% (19/78) of those with poor adherence (<80%). Fair
adherence (80%-95%) resulted in 65.3% (96/147) suppression
rates, demonstrating a clear adherence-response gradient. Age
distribution revealed differential suppression rates across groups.
Participants aged 35 years and older had the highest suppression
rate at 89.9% (474/533), while adolescents (aged 13-19 years)
showed the lowest at 68.3% (28/41). Children aged 6-12 years
had a suppression rate of 72.5% (50/69), indicating age-related
challengesin achieving optimal outcomes.

Duration on ART showed that established patients performed
better, with 87% (619/712) of those on treatment >24 months
achieving suppression compared to 83.2% (288/346) of patients
treated for 12-24 months. Newer patients (3-11 months) had

suppression rates of 86% (588/678). Residence type
demonstrated urban-rural disparities, with rural residents
achieving 86.7% (356/423) suppression compared to 84.2%
(356/423) among urban residents, though this difference was
modest.

Global Explanation

Theanaysisincluded the performance eval uation of supervised
learning classifiers, the assessment of feature importance, and
the generation of dependence plotstoillustrate the relationships
between key features and model predictions.

Performance of Supervised Learning Classifiers

The imbalanced pipeline (Table 2) revealed substantial
performance variation across algorithms, with neural networks
achieving the highest accuracy (0.90) and precision (0.70), while
k-nearest neighbors exhibited optimal recall (0.68). However,
class imbalance severely impacted several algorithms, notably
logistic regression, which achieved high precision (0.93) but
critically low recall (0.13), rendering it clinically unsuitablefor
viral nonsuppression detection.

Table 2. Comparative performance of machine learning models on imbalanced data (train set: 882, test set: 219).

Model Accuracy Precision Recall Specificity F-score K AUC?
XGBoost? 0.89 0.59 0.61 0.93 0.60 0.54 0.83
Stacked ensemble (XGBoost  0.88 0.58 0.61 0.93 0.59 0.52 0.77
meta-learner)

Random forest 0.87 0.53 0.55 0.92 0.54 0.46 0.83
K-nearest neighbors 0.85 047 0.68 0.87 0.55 0.46 0.80
Logistic regression 0.69 0.93 0.13 0.79 0.1 _c 0.56
Naive Bayes 0.86 — — 1.00 — — 0.75
svmd 0.86 0.51 0.55 0.91 0.53 0.45 0.82
ANNE 0.90 0.70 0.51 0.96 0.59 0.53 0.78

8AUC: area under the curve.

bX GBoost: extreme gradient boosting.
®Not available.

dsvM: support vector machine.
€ANN: artificial neural network.

The SMOTE-balanced pipeline (Table 3) demonstrated
improved recall across most algorithms, confirming the
effectiveness of synthetic oversampling for addressing class
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imbalance. XGBoost achieved optimal overall performance
with balanced metrics: accuracy (0.89), precision (0.59), recall
(0.65), and robust agreement (k=0.55).
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Table 3. Comparative performance of machine learning models on SMOTEa-balanced and SVM-RFED selected data (train set: 1008, test set: 219).

Model Accuracy Precision Recall Specificity F1-score K AUCS
XGBoogtd 0.89 059 0.65 0.93 0.62 0.55 0.80
Stacked ensemble (XGBoost  0.74 0.31 0.71 0.74 0.44 0.30 0.76
meta-learner)

Random forest 0.88 0.56 0.58 0.94 0.57 0.50 0.78
K-nearest neighbors 0.74 0.30 0.58 0.77 0.39 0.25 070
Logistic regression 0.79 0.36 0.68 0.80 0.47 0.35 0.82
Naive Bayes 0.85 0.46 0.42 0.93 0.44 0.35 0.70
svm®e 0.87 0.60 0.29 0.97 0.39 0.33 0.67
ANNF 0.80 0.34 0.45 0.86 0.39 0.27 0.74

8SMOTE: synthetic minority over-sampling technique.
bSVM-RFE: support vector machine-recursive feature elimination.
CAUC: area under the curve.

dx GBoost: extreme gradient boosting.

€SVM: support vector machine.

FANN: artificial neural network.

XGBoost emerged as the superior performer across both
pipelines, demonstrating consistent excellence in ensemble
learning principles. On the SMOTE-bal anced dataset, X GBoost
achieved clinically relevant performance with 65% sensitivity
for viral nonsuppression detection while maintaining 93%
specificity for correctly identifying suppressed patients. The
model’s balanced F;-score (0.62) and substantial agreement
(k=0.55) indicate robust predictive capability suitablefor clinical
implementation. Feature selection via SVM-RFE enhanced
model interpretability while preserving discriminative
performance, yielding an AUC of 0.80 that meets clinically
acceptable thresholds for viral suppression prediction.
Cross-validation identified optimal hyperparametersat iteration
35. Themode! used the following hyperparameters. nrounds=35,
max_depth=7, eta=0.1, gamma=1, colsample bytree=0.8,
min_child weight=4, subsample=0.8, lambda=2.0, and
scale_pos weight=1.30 to address class imbalance. Threshold
optimization yielded 0.611 for test evaluation to balance
specificity and recall.

| sotonic regression calibration, fitted on training dataand applied
to the test set, substantially improved probability estimates.
Calibration performance demonstrated marked improvement,
with the Brier score decreasing from 0.1324 (uncalibrated) to

https:/ai jmir.org/2026/1/e68196

0.0739 (calibrated), representing a 44.2% reduction and
indicating enhanced reliability of probability estimates. The
calibrated model demonstrated enhanced discriminative
performance, with AUC increasing modestly from 0.799 to
0.838 (Multimedia Appendix 4).

Feature | mportance

SHAP analysis (Figure 2A) reveaed differential featureimpacts
onviral nonsuppression predictions, with adherence assessment
demonstrating the strongest influence on model decisions,
followed by age group, residence type (urban), and duration on
ART. The beeswarm plot illustrates that poor adherence
assessment  consistently drives predictions toward viral
nonsuppression (positive SHAP values), while good adherence
strongly predicts viral suppression (negative SHAP values).
Feature importance rankings (Figure 2C) confirmed adherence
assessment as the dominant predictor contributing 54.8% of
model gain, with duration on ART (10.2%), age group (8.4%),
and urban residence (4.9%) representing secondary but clinically
relevant factors. This hierarchy emphasizes adherence as the
critical determinant of treatment outcomes, consistent with
established clinical understanding that medication compliance
fundamentally governs ART effectiveness.
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Figure 2. Model evaluation metrics for XGBoost classifier. (A) SHAP feature impact (beeswarm) illustrating feature influence on predictions, (B)
AUC, (C) featureimportance based on relative contribution, and (D) confusion matrix. AUC: areaunder the curve; SHAP: Shapley Additive Explanations;

XGBoost: extreme gradient boosting.
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Dependence Plots

SHAP dependence plots (Figure 3) revealed distinct nonlinear
relationships between key predictors and viral nonsuppression
risk. Adherence assessment exhibited a clear monotonic
relationship, with poor adherence (lower values) consistently
increasing SHAP vaues toward vira nonsuppression
predictions, while optimal adherence (higher values) drove
predictions toward viral suppression. Age group demonstrated
a nonlinear pattern with pediatric and adolescent populations
showing substantially elevated risk: young children (aged 0-5
years) exhibited moderately positive SHAP values (~0.5),
school-aged children (aged 6-12 years) showed markedly
increased risk (SHAP>0.5), while adolescents (aged 13-19
years) displayed the highest predicted nonsuppression risk
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(SHAP>1.0). Conversely, adultsaged 20-35 years demonstrated
reduced risk (SHAP<0.5), with those aged 35 years and older
showing protective effects (negative SHAP vaues~-0.1).
Residencetype displayed abinary pattern where urban residence
associated with higher SHAP values (just below 0.5), indicating
increased nonsuppression risk compared to rural residence.
Duration on ART revealed a complex nonlinear relationship
with early treatment periods (3-6 months), showing substantial
variability (SHAP values ranging from 0.4 to -0.7), while
patientsat 7-11 months demonstrated elevated risk (SHAP>0.4).
The intermediate period (12-24 months) exhibited the highest
predicted nonsuppression risk (SHAP values 0.0 to 0.8), with
long-term patients (>24 months) showing predominantly
protective effects (SHAP values ranging from 0.1 to —0.6).
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Figure3. XGBoost dependence plotsillustrating the marginal effect of selected predictor variables on the predicted probability of HIV viral suppression.
SHAP: Shapley Additive Explanations.
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Individual Conditional Expectations

The ICE plot using Ceteris-paribus for the XGBoost model
illustrates how 4 key features influenced the model’s
nonsuppression predictions for 4 individual cases (Figure 4).

L ocal Explanation

Theanalysisencompassed | CEs, breakdown plots, SHA P-based
model explainability, force plots, and clustering to provide
detailed insights into the model’s decision-making process at
theindividual level.
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Figure 4. Individual conditional expectation plot using Ceteris-paribus profiles for the XGBoost model. FN:41: false negative, row 41; FP:13: false
positive, row 13; TN:16: true negative, row 16; TP:9: true positive, row 9; XGBoost: extreme gradient boosting.
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Ceteris-paribus profiles for 4 representative patients (true
positive, row 9 [TP:9], false positive, row 13 [FP:13], true
negative, row 16 [TN:16], and false negative, row 41 [FN:41])
illustrated distinct individual responses to feature variations
across correct and incorrect predictions. The TP case (TP:9)
demonstrated a high baseline probability (~0.65-0.70), with
adherence assessment showing the steepest probability decline
from poor to good adherence, while maintaining elevated risk
across most feature combinations. The FP case (FP:13) exhibited
moderate baseline probability (~0.25-0.30) with pronounced
sensitivity to adherence changes and notable probability
elevation at younger age groups, contributing to its
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misclassification. The true negative (TN) case (TN:16)
maintained consistently low probabilities (~0.1-0.2) across all
feature variations, with adherence assessment providing the
most substantial impact but insufficient to elevate risk
substantially. The false negative (FN) case (FN:41) displayed
consistently high predicted probabilities (~0.65-0.70)
comparable to the TP case across al 4 features, yet was
incorrectly classified despite exhibiting similar risk profiles.

Breakdown Plots

The breakdown plotsfor individual cases (TP, FP, TN, and FN)
illustrate how specific predictors influenced the overall
prediction for each observation (Figure 5).
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Figure5. XGBoost breakdown plots for the top 13 features that influenced the prediction outcomes for 4 individual cases. FN:41: false negative, row
41; FP:13: false positive, row 13; TN:16: true negative, row 16; TP:9: true positive, row 9; X GBoost: extreme gradient boosting.
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Breakdown plots for the 13 selected features reveadled the
cumulative contribution of individual predictors to final
prediction outcomes across the 4 representative cases. The TP
case (TP:9) demonstrated asystematic progression from baseline
intercept (0.320) to final prediction (0.813), with adherence
assessment providing the largest positive contribution (+0.365),
followed by duration on ART (+0.136). Additional features
showed mixed effects, with marital status (married) contributing
a positive increment, while other features provided negative
contributions that partialy offset these increases, and the net
cumulative effect el evated the prediction above the classification
threshold.

The FP case (FP:13) exhibited substantial progression from
intercept (0.320) to final prediction (0.781), with adherence
assessment dominating the prediction increase (+0.365),
followed by age group contributing moderately (+0.031). Marital
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status (married) and residence type (urban) provided combined
positive contributions (+0.048), while other features provided
negative contributions that partially offset these increases.
Despite the counterbal ancing effects of protective features, the
model’sfinal probability assessment substantially exceeded the
decision boundary at 0.575, resulting in the misclassification
of this actually suppressed patient.

The TN case (TN:16) demonstrated protective feature
dominance, with adherence assessment contributing the largest
negative effect (—0.099), followed by age group (-0.062) and
residence type (urban) (-0.032), while other features provided
minimal positive or negative adjustments. The cumulative
protective contributions drove the final prediction to 0.088,
substantially below the classification threshold, enabling the
correct identification of thisviraly suppressed patient through
predominantly risk-reducing feature effects.
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The FN case (FN:41) presented a complex feature interaction
pattern, with age group providing the primary risk elevation
(+0.184), while adherence assessment (—0.076), marital status
(married) (-0.077), and duration on ART (—0.069) contributed
substantial protective effects. The competing influences of
risk-enhancing and protective features resulted in a suppressed
final prediction of 0.196, falling considerably below the 0.575

Ngemaet al

threshold and causing misclassification of this patient with
actual viral nonsuppression.

Shapley Additive Explanations

The SHAPva ue bar charts (Figure 6) depict the top contributing
features for each individual case (TP, FP, TN, and FN). These
plots highlight how key predictorsinfluence the model’s output
for viral suppression or nonsuppression predictions.

Figure6. XGBoost SHAP value bar charts for the top 10 features that influenced the prediction outcomesfor 4 individual cases. FN:41: false negative,
row 41; FP:13: false positive, row 13; SHAP: Shapley Additive Explanations; TN:16: true negative, row 16; TP:9: true positive, row 9; XGBoost:

extreme gradient boosting.
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SHAP value bar charts revealed distinct feature contribution
patterns across the 4 representative cases, illustrating
individual-level model explanationsfor each prediction outcome.
The TP case (TP:9) demonstrated adherence assessment as the
dominant positive contributor (SHAP value>1.5), followed by
marital status (single) (~0.1), with most remaining features
showing minimal negative contributionscloseto 0. Thispattern
indicates that poor adherence primarily drove the model’s
prediction toward viral nonsuppression for this correctly
identified high-risk patient.

The FP case (FP:13) exhibited adherence assessment as the
primary driver (SHAP value~0.9), with residence type (urban)
and age group contributing moderately (~0.3), while most other
features remained near-neutral with minimal negative
contribution from duration on ART. The substantial positive
contribution from adherence assessment, combined with other
risk factors, elevated the prediction above the classification
threshold despite the patient’s actual viral suppression status.
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Inthe TN case (TN:16), adherence assessment emerged as the
most significant feature, contributing a negative value of high
magnitude (SHAP value: —1.2), followed by age group (SHAP
vaue: —0.4). These contributions reduced the predicted
probability of nonsuppression, correctly guiding the model to
classify the patient as virally suppressed, consistent with their
actual status.

The FN case (FN:41) displayed age group as the strongest
positive contributor (SHAP value~0.4), whereas adherence
assessment, duration on ART, and marital status showed
negative contributions (approximately —1.2, -0.4, and —0.15,
respectively). This conflicting pattern of protective features
outweighing agerelated risk factors resulted in an
inappropriately low prediction for a patient with actual viral
nonsuppression.

SHAP Force Plot

The SHAP force plot (Figure 7) highlights how individual
predictors contribute to the model’s predictions of viral
Suppression or nonsuppression across al observations.
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Figure 7. XGBoost SHAP force plot analysis of predictors for HIV vira suppression in Ugandan people living with HIV. SHAP: Shapley Additive

Explanations, XGBoost: extreme gradient boosting.
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The SHAP force plot revealed feature contribution patterns
acrossall observations, with adherence assessment consistently
dominating predictions through substantial positive SHAP
values for poor adherence and negative values for good
adherence. Age group exhibited nonlinear effects, with pediatric
and adolescent ranges generating positive contributions while
adult groups provided protective effects. Duration on ART
showed variableinfluences, with intermediate treatment periods
contributing to nonsuppression risk and early or long-term
durations demonstrating protective effects. Urban residence
consistently produced positive SHAP values compared to rural
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residence, whereas married status typically associated with
increased nonsuppression predictions. The visuaization
effectively demonstrated how competing feature influences
determine threshold crossing, revealing the dynamic balance
between risk-enhancing and protective factors acrossindividual
clinical profiles.

SHAP Force Clustering

The SHAP force plots (Figure 8) display 4 distinct patient
clusters, each characterized by varying influences of key
predictors on viral suppression outcomes.
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Figure 8. XGBoost SHAP force plot clustering of predictors for HIV viral suppression in Ugandan people living with HIV. SHAP: Shapley Additive

Explanations, XGBoost: extreme gradient boosting.

1

3.0~

20 30 40 70

SHAP value

Feature

. adherenceAssessment

. ageGroup

. residenceType_Urban
|7 durationOnArt

! ! frequencyOfArvDosing_Twice
0 10 maritalStatus_Married
artSupporterRelationship_Marriage.partner
artRegimenSimplified_aztBased
reportedArtSideEffects_Yes
poimtOfEntryInArtClinic_Maternity
maritalStatus_Single

weight

' '
160 170

!
150

' '
130 140

Observation

The SHAP force plot clustering revealed 4 distinct patient
phenotypes based on feature contribution patterns for viral
suppression predictions. Cluster 1 (observations 0-50)
demonstrated predominantly protective profiles characterized
by substantial negative SHAP valuesfrom adherence assessment
(>-3) and age group (>-1), with minimal counteracting
contributions from other features. This cluster represented
patients with good adherence, older age groups, and rural
residence, consistently driving predictions toward viral
suppression.

Cluster 2 (observations 51-125) exhibited low-risk profileswith
negative SHAP values of greater magnitude from adherence
assessment (>-2), counterbalanced by moderate positive
contributions from other features. This cluster represented
patients with good adherence across mixed age groups (young
adults and ol der patients) and diverse residential settings (both
rural and urban), with predictions consistently favoring viral
suppression despite some offsetting risk factors.

Cluster 3 (observations 126-160) demonstrated predominantly
high-risk profiles characterized by substantial positive SHAP
values from adherence assessment (>2) and age group, with
minimal protective contributions from other features. This
cluster represented patients with poor adherence and younger
age groups (particularly pediatric and adolescent populations),
consistently driving predictions toward viral nonsuppression.

Cluster 4 (observations 161-219) showed variable risk patterns
with heterogeneous SHAP value distributions across features,
indicating diverse clinical profiles where feature interactions
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produced inconsistent directional effects. This cluster
highlighted the complexity of prediction patterns in patients
with mixed risk and protective factors.

Discussion

This section discusses the implications of our findings on
predicting viral suppression in Ugandan peopleliving with HIV
on ART. We summarize principal findings, acknowledge study
limitations, comparefindingswith previousresearch, and discuss
the broader significance and potential clinical implications.

Principal Findings

This study successfully developed an interpretable ML model
for predicting viral nonsuppression in Ugandan people living
with HIV, achieving robust performance with AUC 0.80, recall
0.65, F;-score 0.62, and Cohen k 0.55. The SMOTE-enhanced

XGBoost model with XAl techniquesrevealed critical insights
into viral suppression determinants and patient risk stratification.

Adherence emerged as the overwhelming predictor across all
analytical approaches, contributing 54.8% of model gain and
consistently demonstrating the largest SHAP values. This
finding reinforces adherence as the fundamental determinant
of treatment success, though the magnitude of its influence
suggests that current adherence measurement approaches may
inadequately capture the complexity of medication-taking
behavior in this population. The model identified a nonlinear
age relationship, with adolescents (aged 13-19 years) showing
peak nonsuppression risk (SHAP>1.0), declining through young
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adults, and reaching protective effectsin patients aged 35 years
and older (SHAP~-0.1). This pattern aligns with known
developmental challengesin adolescent HIV care but quantifies
the risk magnitude for clinical decision-making.

Urban residence consistently predicted increased nonsuppression
risk (SHAP<0.5), despite the dataset’s rural majority. This
finding challenges conventional assumptions about health care
access advantages and suggests that urban-specific barriers may
outweigh accessibility benefits in this population. However,
this finding is isolated to this dataset and may not be
generalizable to broader contexts.

The intermediate treatment period (12-24 months) emerged as
the highest-risk phase, potentially reflecting treatment fatigue
or viral resistance development. This temporal vulnerability
window has important implications for intensified monitoring
and intervention timing.

SHAP clustering revealed 4 distinct patient phenotypes:
protective profiles with good adherence and older age (cluster
1), low-risk patients with mixed demographics but good
adherence (cluster 2), high-risk adolescents with poor adherence
(cluster 3), and complex profiles with variable risk factors
(cluster 4). This dratification framework enables targeted
intervention strategies aligned with specific risk patterns rather
than one-size-fits-all approaches.

Limitations

The absence of external validation using independent datasets
limits confidence in model generaizability beyond the
single-site study population at Muyembe HCIV. Routinely
collected clinical data introduced several quality threats,
including systematic biasfrom recoding missing vauesto“ N/A”
categories and selection bias from analyzing complete records
only, which reduced dataset size and potentially excluded
patients with complex clinical profiles characterized by
incomplete documentation. This approach may have
inadvertently favored patients with better hedth care
engagement, limiting model applicability to more vulnerable
populations who are typically underrepresented in complete
clinical records.

The analysis combined pediatric and adult patients without
separate subset evaluation, creating variable coding challenges
that potentially compromised model precision. Marriage status
proved irrelevant for children, caregiver relationships varied in
significance across age groups, and patient weight categories
applied uniform standards across vastly different developmental
stages. The weight variable's reduced contribution to model
performance likely reflects the complexity of applying
standardized categories where weight implications for viral
suppression differ substantially between pediatric and adult
populations. Additionally, the relatively modest dataset size
(N=1101) may have constrained the ensemble a gorithm’s ability
to capture complex feature interactions, while SMOTE
application for class imbalance correction carries overfitting
risksif synthetic minority samplesinadequately represent true
population characteristics.
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Comparison With Prior Work

Thisstudy alignswith several investigations that have explored
the potential of ML for predicting HIV viral suppression, each
possessing itsown strengths and limitations[13-18,31]. Various
ML algorithms have been used in these studies, with random
forest and logistic regression emerging as the most frequently
used methodologies.

The findings of Kimaina et al [14] were particularly relevant,
as they reported similar performance metrics and the use of
ensembl e techniquesin their analyses. Despite the super learner
classifier being identified as the best performer—comprising
stacked ensemble model s—the XGBoost model demonstrated
superior performance compared to other individual algorithms.
In our study, we also identified logistic regression and random
forest as the top-performing models, following the XGBoost
classifier.

A recent study by Seboka et al [16] further emphasized the
effectiveness of the XGBoost classifier in predicting viral
suppression, identifying critical predictors such as regimen
change, adherence level, CD4 lymphocyte count, duration on
ART, and tuberculosis status. Though these studies provided
insights through global interpretation, they lacked local
explanations, limiting the ability to compare individual-level
predictions and tailored interventions.

Influential factors in our study reaffirm the critical role of
adherenceto ART asapivotal predictor of viral nonsuppression,
corroborating previous research that has similarly highlighted
its significance in treatment outcomes [17,32-34]. Esber et a
[17] demonstrated that adherence, along with CD4 lymphocyte
count and ART regimen, was crucial in predicting viral
nonsuppression. In contrast, Wagner et a [33] emphasized that
viral suppression among participants on dolutegravir is not
dependent on strict adherence levels, however, their study also
indicated that traditional ART is associated with vird
suppression and different adherence levels.

Our identification of age group as asignificant predictor aligns
with evidence from resource-limited settings. Cross-sectional
studies in Cambodia found that older adolescents had a
significantly lower likelihood of viral nonsuppression compared
to younger peers[35]. Thisis corroborated by prospective data
from Kenya and Uganda, where younger age independently
predicted both failure to achieve viral suppression and increased
risk of virologic rebound [36]. Population-level datafrom rural
KwaZulu-Natal further support age-related disparities,
demonstrating substantially lower viral suppression ratesamong
younger populations, with particular challenges among the
younger male population in achieving viral suppression targets
[37]. These clinical and population studies emphasize that
younger populations require targeted interventions including
enhanced psychosocia support and treatment literacy toimprove
viral suppression outcomes. Thesefindings collectively support
age as a critical predictor requiring tailored approaches for
younger people living with HIV.

Studies from sub-Saharan Africa show mixed findings, with
some demonstrating higher viral suppressionin rural areas due
to older patient demographics and better ART adherence
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compared to urban counterparts, while othersreport better urban
outcomes due to improved health care access [38]. Our study
found urban residence to be a risk factor for vira
nonsuppression, aligning with the former. South African data
indicate that virological suppression varied by geographical
setting, from 94.6% in urban settings to 88% in rural settings,
though this contradicts our findings [39]. In Cameroon, vira
suppression was 75% in urban sites compared to 67.7%in rural
sites [40]. Our counterintuitive finding may reflect specific
urban health care challenges in our setting, including health
care fragmentation or urban-specific barriers despite proximity
to services. However, thisfinding isisolated to this dataset and
may not be generalizable to broader contexts.

Duration on ART was found to be associated with viral load
suppression, with longer durationslinked to improved outcomes.
Thisfinding is consistent with previous studies [41-43], which
highlight that prolonged ART engagement enhances the
likelihood of achieving viral suppression. Theseresultsreinforce
theimportance of sustained adherenceto treatment in managing
HIV effectively.

Modé Interpretability and Clinical Implications

Our primary use of XAl wastoidentify population-level patterns
that inform general clinical and public health strategies. SHAP
global feature importance analysis across all 1101 patients
revedled that adherence assessment was consistently the
strongest predictor of viral nonsuppression, followed by age
group, urban residence, and ART duration. These aggregate
patterns, derived from the entire cohort, form the basis of our
general conclusions about risk factor hierarchies and provide
evidence for prioritizing adherence support programs in HIV
care settings. Partial dependence plots and |CE curves further
confirmed that these relationships held consistently across
different  patient  subgroups, demonstrating  robust
population-level patterns rather than isolated associations.

While population-level findings drive our general conclusions,
individual patient explainability serves2 critical complementary
functions. First, breakdown plots and individual SHAP values
validate that population-level patterns manifest consistently at
the patient level, ensuring that our aggregate findings are not
statistical artifacts but reflect genuine clinical mechanisms. For
example, examining individual predictions confirmed that
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adherence consistently dominated decision pathways across
diverse patient profiles, strengthening confidence in our
population-level conclusion about adherence primacy. This
emphasizes the clinical value of individualized interventions
andillustrates how X Al mitigatestheinherent black-box nature
of ML models by revealing transparent, interpretable decision
pathways [44-46].

Second, individual explainability demonstrates clinical
applicability by showing how the model functionsin practice.
Analysisof specific cases, including FPswhere poor adherence
drove incorrect nonsuppression predictions despite actual viral
suppression, illustrates both the model’s reasoning process and
its limitations. These examples do not change our
population-level conclusions but demonstrate how clinicians
might use the model for personalized risk assessment and
intervention planning in real-world settings.

This dual approach to explainability fosters accountability and
trust in health care artificial intelligence (Al) systems by
enhancing comprehensibility at both population and individual
levels [47,48]. Transparency in Al decision-making, enabled
by XAl, has the potential to build trust among health care
professionals and patients alike, facilitating wider adoption of
Al-powered health care solutions[45]. Additionally, XAl helps
mitigate biases within Al models, promoting fairer and more
ethical applications[47-49]. Understanding how variousfactors
influence model predictions allows health care professionalsto
improve accuracy and ensure that Al-driven decisions align
with clinical priorities, thus enhancing the overall utility of Al
in health care settings.

This study demonstrates that XGBoost ML models can
accurately predict viral nonsuppression in Ugandan patients
with HIV, achieving strong discriminative performance (AUC
0.80). XAl analysisidentified adherence assessment asthe most
critical predictor, followed by age group, urban residence, and
ART duration. These findings support the integration of ML
into clinical decision-making for targeted interventions,
particularly adherence support programs for high-risk
populations. Future research should focus on external validation
across diverse health care settings and the incorporation of
additional social determinants of health to enhance model
generalizability and clinical utility.
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Introduction

At the intersection of generative artificial intelligence (Al) and
health issues, where misconceptions proliferate, the question
remains. does generative Al improve public understanding of
health issues? Health misconceptions stem from false or
factually inaccurate information and a lack of health literacy
[1]. For flu vaccination and climate change, where
misconceptions are common and have behavioral and policy
implications[2,3], addressing the problem represents an urgent
need.

On the pessimistic side, generative Al technol ogy may produce
factually inaccurate content inadvertently, as generative Al tools
are content generators, not necessarily fact generators. Content
generation relies on training data and underlying algorithms,
but if the data used include outdated information, generative
Al tools may produce inaccurate information [4]. Al may also
ignore inaccuracies in users content generation prompts or
create content that is tailored to receiver preferences, which
may reinforce existing misconceptions, resulting in echo
chambers [5].

From an optimistic perspective, generative Al tools may be
used to evaluate health information and improve public
understanding. Companies are incentivized to validate the
objectivity of their Al toolsto legitimize them [6]. Harmful Al
output may be diminished through supervised and reinforcement
learning, and Al tools may reduce misperceptions among their

https://ai.jmir.org/2026/1/€80270

users. In such cases, generative Al
health-related misconceptions.

may help lessen

Given the contradictory roles, this study investigated the content
and effects of large language model—based human-Al
interactions that evaluate information related to flu vaccination
and climate change (including widespread myths). First, using
GPT-40 to anadlyze human-ChatGPT conversations, we
examined whether responses from ChatGPT engaged in any
well-established communication strategies that were identified
by existing meta-analyses to improve accurate understanding
of health issues [7,8], including coherence appeals (providing
explanations against misconceptions) [7], credibility appeals
(highlighting official agencies' statements) [7], consensus
appeals (highlighting the agreement among experts) [7],
verification appeals (encouraging users to cross-check
information) [7], and empathy appeals (acknowledging users
experiences/concerns) [9]. Second, we also examined whether
user interactions with ChatGPT lead to changes in
misconceptions and attitudes on issues.

Methods

Overview

Undergraduate studentsin communication coursesfrom alarge
midwestern university in the United States were invited to use
ChatGPT (GPT-3.5 or GPT-4, depending on whether the
respondent used the free or paid version) to evaluate information
(including widespread myths) related to flu vaccination and
climate change in an online study in exchange for extra course
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credit. A total of 217 students accessed the study, with 149
students completing the questionnaire. We measured
respondents misconceptions and attitudes on issues both before
and after their interactions with ChatGPT (using items with
7-point scales; see Multimedia Appendix 1). Paired samplest
tests were conducted to test the difference between the posttest
and pretest measures. We also collected the transcripts of all
user-ChatGPT interactions (149 respondents x 2 issues = 298
transcripts) and used both GPT-40 and human coding to analyze
each transcript for the presence of the communication strategies
in ChatGPT’s responses (any discrepancies between GPT-40
and the human coder were subsequently reviewed and validated
by a second coder and the analyses were based on the verified
dataset).

Ethical Consider ations

The study was approved by the institutional review board of
the University of Wisconsin-Madison (IRB# 2023-1416), and
informed consent was obtained from al| participants. Participants
took the study in exchange for extra course credit, and the data
collected were anonymized/dei dentified.
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Results

Coherence appealsappeared in all 149 transcriptsfor both issues
(n=149, 100%), followed by consensus appeals (=65, 43.6%
for flu vaccination and n=137, 91.9% for climate change),
credibility appeals (n=58, 38.9% for flu vaccination and n=90,
60.4% for climate change), verification appeals (n=88, 59.1%
for flu vaccination and n=14, 9.4% for climate change), and
empathy appeals (n=77, 51.7% for flu vaccination and n=9,
6.0% for climate change; see Table 1). Interactions with
ChatGPT were associated with lower misconceptions about flu
vaccination (posttest mean 2.43, SD 1.24 compared with pretest
mean 2.93, SD 1.13; d=-0.56; P<.001) but not climate change
(posttest mean 2.20, SD 0.96 compared with pretest mean 2.20,
SD 0.99; d=-0.01; P=.94). Conversations with ChatGPT were
also associated with increased positive attitudes toward flu
vaccination (posttest mean 6.18, SD 1.14 compared with pretest
mean 5.84, SD 1.29; d=0.41; P<.001) and support for climate
action (posttest mean 5.81, SD 1.02 compared with pretest mean
558, SD 1.08; d=0.41; P<.001; Figure 1). Exposure to
information about the high versus low credibility of ChatGPT
did not affect these outcomes (Multimedia Appendix 1).
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Table 1. Variablesin focusin the analysis of ChatGPT-generated content (N=149) for each issue topic.

Variable definition Variable operationalization (representative quotes) GPT-4o-assisted  Agreement between
content analysis GPT-40 and human
count, n (%) coder (%)

Coherence appeals: providing explanationsto support statements against misconceptions[7] 93

Flu vaccination “Theflu vaccineisimportant for several reasons: Preventing lliness: 149 (100.0)

The flu vaccine is designed to protect against the influenza viruses
that are expected to be most common during the flu season. Getting
vaccinated reduces your risk of getting sick with the flu. Reducing
Severity of IlIness: Evenif you do get the flu after being vaccinated,
the vaccine can still reduce the severity and duration of theillness.
Thisis particularly important for vulnerable populations, such as
the elderly and individuals with underlying health conditions...”

Climate change “Here are some key reasons why climate changeisacritical issue: 149 (100.0)
Environmental Impact: It leads to rising temperatures, melting ice
caps, sealevel rise, disruptionsin ecosystems, loss of biodiversity,
and changes in weather patterns, affecting natural habitats and the
balance of ecosystems. Human Health: Climate change contributes
to increased frequency and intensity of extreme weather events,
which can resultinlossof lives, injuries, displacement of communi-
ties, and the spread of diseases...”

Consensus appeals: highlighting the overall agreement among experts[7] 94

Flu vaccination “The genera consensus among healthcare professionals and public 65 (43.6)
health organizationsis that flu vaccination is beneficial "

Climate change “The overwhelming scientific consensusis that theincreased con- 137 (91.9)
centration of greenhouse gases from human activities, such as
burning fossil fuelsand deforestation, isthe dominant factor driving
the observed warming of the planet.”

Credibility appeals: highlighting official agencies statements/opinions[7] 88

Flu vaccination “Public health organizations, such asthe World Health Organization 58 (38.9)
(WHO) and the Centers for Disease Control and Prevention (CDC),
often advocate for widespread flu vaccination to help control the
spread of the flu virus and protect vulnerable populations.”

Climate change “The Intergovernmental Panel on Climate Change (IPCC) and nu- 90 (60.4)
merous scientific organizations worldwide, such as the National
Aeronautics and Space Administration (NASA) and the National
Oceanic and Atmospheric Administration (NOAA), have stated that
human activities are the primary driver of recent global warming.”

Verification appeals: motivating usersto cross-check information [7] 90

Flu vaccination “If you have concerns about the flu vaccine or experience unusual 88 (59.1)
symptoms after vaccination, it's always a good ideato consult with
your healthcare provider for guidance based on your individual

health situation.”

Climate change “It's essential to rely on accurate and up-to-date scientificinforma- 14 (9.4)
tion when discussing complex issues like climate change.”

Empathy appeals: acknowledging users experiences, feelings, or beliefs[9] 90

Flu vaccination “It’s not uncommon for some people to experience mild symptoms 77 (51.7)
after receiving the flu vaccine.”

Climate change “Climate change continues to be a significant globa concern.” 9(6.0)
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Figure 1. Changesin misconceptions and positive attitudes/support for flu vaccination and climate action (with 95% ClIs).
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Discussion

Our research examines human—generative Al interactions across
two health issues. Our content analysis of human-ChatGPT
conversations revealed that ChatGPT used a variety of
well-established strategies to improve accurate understanding
of healthissues[7-9]. Moreover, experimental findings showed

Funding

O Changes in misconcpetions JChanges in attitudes

+

Climate change

that such conversations were associated with reduced
misconceptions and increased support for actions. Despite
several limitations (Multimedia Appendix 1), the findings
indicate that the use of ChatGPT might be beneficial in boosting
health literacy, and future research may expand our insights by
looking into other issues and using a nationally representative
sample.
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Abstract

Background: Medical residency is characterized by high stress, long working hours, and demanding schedules, leading to
widespread burnout among resident physicians. Although wearabl e sensors and machine learning (ML) models hold promise for
predicting burnout, their lack of clinical explainability often limits their utility in health care settings.

Objective: This paper presents EMBRACE (Explainable Multitask Burnout Prediction Using Adaptive Deep Learning), a novel
framework designed to predict and explain future burnout in resident physicians through an adaptive multitask deep learning
approach. The framework aims to provide clinically actionable and trustworthy burnout predictions by integrating explainable
ML techniques.

Methods: EMBRACE applies deep multitask learning (3 tasks) using wearable sensor datafor context-aware burnout prediction
and explanation. The adaptive multitask learning framework predicts workplace activities and future burnout levels, and
automatically completes a clinically validated burnout survey. Additionally, an explainability study was conducted using SHAP
(Shapley Additive Explanations) to provide feature importance scores and visuali zationsfor clinicians, enhancing the transparency
and interpretability of the predictions. We evaluated the model on three datasets: (1) a collected dataset of 28 resident physicians
(mean age 27.5, SD 3.5 years), over 2-7 days (average 3.6 days) with research protocols approved by the institutional review
board (#2021-017) of Berkshire Medical Center, University of Massachusetts Chan Medical Schooal; (2) the publicly available
WESAD (Wearable Stress and Affect Detection) dataset from 15 participants; and (3) the SWELL-KW (SWELL Knowledge
Work) dataset containing workplace stress and activity data from 25 participants (8 femalesand 17 males).

Results:  On our collected dataset, EMBRACE achieved 93% recall, 91% precision, and 0.91 R? error in predicting 5-class
activities, 4-class future burnout levels, and 1 clinically explainable survey (Mini-Z with 10 questions). On the WESAD dataset,
themodel achieved 94.1% recall and 94.6% precision for 3-class stresslevel prediction. Onthe SWELL-KW dataset, EMBRACE

obtained 89% recall, 86% precision, and 0.88 R? error in predicting 5-class activities, 3 burnout measures (joyful, satisfaction,
and stress) with 2 classes on each measure, and 4 survey assessments (atotal of 20 questions). The explainability study, using
SHAP values, highlighted key contributing factors such as heart rate variability, sedentary activity duration, and interruptions,
improving clinical trust and interpretation of burnout predictions. Of 23 participants, 21 (91%) reported satisfaction with the
explainability of feature importance summaries.

Conclusions: EMBRACE provides a clinically explainable and actionable solution for early burnout detection in resident
physicians, leveraging advanced ML techniques and SHA P-based explanations. Validation of proprietary and publicly available
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datasets demonstrates their robustness and generalizability. Future research may explore scaling the model acrossdifferent clinical
environments and assessing its long-term impact on health care outcomes and physician well-being.

(IMIR Al 2026;5:€57025) doi:10.2196/57025
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Introduction

Foundations of Physician Burnout

Burnout is apsychological syndrome emerging as a prolonged
response to chronic interpersona stressors on the job. It is
characterized by 3 dimensions. emotional exhaustion,
depersonalization, and reduced persona accomplishment. Stress,
on the other hand, is a more immediate reaction to a challenge
or demand, often leading to burnout when experienced
frequently or intensely. In our work, we focus on predicting
physician burnout by analyzing the stress levels observed
through various wearabl e sensors.

Background

Workplace stress is a pervasive issue that affects individuals
across various professions and industries [1]. It encompasses
the psychological, emotional, and physical strain experienced
by employees due to demanding work conditions, excessive
workload, and challenging interpersonal dynamics[2]. Recent
statistics highlight the magnitude of the workplace stress
problem, with studiesindicating that 80% of employeesreported
feeling stressed at work sometimes, and 60% of absenteeism
was associated with stress in some ways in that survey [3,4].
This alarming trend raises concerns about the impact of
workplace stress on individuals' well-being, job satisfaction,
and overal quality of life[5].

Recognizing the detrimental effects of workplace stress,
researchers and clinicians have developed clinically validated
tools to assess and detect stress levels in workers [6]. These
toolstypically involve questionnaires and surveysthat measure
various dimensions of stress, including task load, mental effort,
emotion, and perceived stress [7]. Additionally, real-time
methods for quantifying continuous mental workload have been
proposed [8]. One widely used tool is the Maslach Burnout
Inventory, which evaluates burnout by measuring emotional
exhaustion, depersonalization, and personal accomplishment
among professionals [9]. Another prominent tool is the
Copenhagen Burnout Inventory, which focuses on personal,
work-related, and client-related burnout, providing a
comprehensive view of burnout sources [10]. The Perceived
Stress Scale is frequently used to measure the perception of
stress in workers, assessing how unpredictable, uncontrollable,
and overloaded respondentsfind their lives[2,11]. Additionally,
the Job Content Questionnaire assesses job characteristics such
asdecision latitude, psychological demands, and social support
at work, which are critical factorsinfluencing stress and burnout
[12]. TheMini-Z survey isanother widely used tool that assesses
various dimensions of burnout and job satisfaction, including
stress, workload, and control over work, making it effectivein
both clinical and research settings [10,13]. These tools help in

https://ai.jmir.org/2026/1/€57025

identifying stress levels and sources, allowing for targeted
interventionsto mitigate the adverse effects of workplace stress
and improve overall well-being.

While these tools provide valuable insights and are clinically
explainable to nurses and clinicians, they are often limited by
their reliance on self-reporting and retrospective assessments,
which can be subject to recall biases and may not capture
real-time stress experiences [14]. To address these limitations
and providereal-time monitoring of workplace stress, wearables
and machine learning (ML) techniques have emerged as
promising solutions. Wearable devices equipped with sensors
can collect physiological and behavioral data from individuals
throughout their workday, offering continuous and objective
measurements of stress-related indicators such as heart rate
variability, skin conductance, and physical activity. These
devices have been extensively used in various studiesto monitor
and assess stress levels in real time. For instance, a study
validated the Empatica E4 wristband's ability to detect heart
rate variability and electrodermal activity (EDA) metrics in
stress-inducing conditions[15]. Another research project focused
on the continuous monitoring of stress using
photoplethysmogram sensorsintegrated into wrist-worn devices,
highlighting significant changes in physiological responses
during stress-inducing tasks [16]. These developments
underscore the potential of wearable technology in providing
reliable, objective, and continuous stress monitoring solutions
[17]. ML algorithms can then analyze these data and predict
stress levelsin real time [18].

Medical residency is undeniably one of the most challenging
and demanding workplace stress situations that individuals can
experience. Medical residency is a highly challenging and
demanding period characterized by extended working hours
and schedules [19]. The demanding work schedules and long
hours of residency, coupled with work-homeinterference, create
a highly stressful environment that predisposes residents to
burnout due to several stressors, including sleep deprivation,
conflicts with coworkers, difficulty adapting to a new
environment, heavy patient responsibilities, lack of control over
schedules, and personal traits such as neuroticism or introversion
that increase therisk of burnout [20]. Burnout can cause physical
symptoms (headache, fatigue, gastrointestinal distress, flu, and
deep and appetite changes) and psychologica symptoms
(irritability and reduced concentration), as well as behaviors
like procrastination, daydreaming, and substance use [21].
Additionally, it can lead to an increased risk of depression,
suicidal thoughts, and cardiovascular problems[22]. Moreover,
the COVID-19 pandemic has exacerbated the long-standing
issue of resident burnout in the US health care system,
highlighting the urgent need for interventions to support and
protect the well-being of these essential frontline workersbefore
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it is too late [23]. The combined use of advanced wearable
sensor technologies and ML algorithms can facilitate the early
identification of burnout, thereby providing an opportunity to
prevent its occurrence [18].

Despitetheir potential benefits, wearable sensors and ML -based
predictions may suffer from a lack of clinical explainability,
potentially leading to mistrust among clinicians and limiting
their practical usein real-time clinical settings [24,25].

Contributions

This paper introduces a novel framework, EMBRACE
(Explainable Multitask Burnout Prediction Using Adaptive
Deep Learning), for enhancing the prediction and explanation
of future burnout in residents by using a clinically validated
survey that is easily comprehensible and reliable for clinicians.
More specifically, our key contributions are

« In EMBRACE, we develop a wearable sensor-based
improved workplace activities and stress recognition
framework using a deep multitask learning (MTL)
technique. Then, using that, we devel op anovel explainable
MTL framework to automatically predict future burnout
and explain the prediction by filling out a clinically
validated and trustworthy burnout prediction survey tool.

« We validated the accuracy and explainability of our
proposed EMBRACE framework using real-time collected
datafrom 28 internal medicine residents (2-7 days each) in
anatural hospital duty setting with appropriate institutional
review board approval (#2021-017) of Berkshire Medical
Center of the University of Massachusetts Chan Medical
School.

+  We assessed the generaizability of the EMBRACE
framework by testing its performance on two publicly
available occupational stress prediction datasets. Theresults
demonstrated the framework’ s robustness and effectiveness
across diverse datasets, highlighting its potential for broader
application in real-world settings.

Related Work

ML Approachesto Burnout Detection

The use of ML techniques in detecting burnout among resident
physiciansisarelatively new areaof research. While ecological
momentary assessment has shown effectiveness in predicting
burnout among residents [26], incorporating ML methods has
the potential to enhance prediction performance[27]. However,
real-time burnout prediction necessitates continuous monitoring
of health vitals and ML techniques [28-30]. Recent systematic
reviews [29,30] indicate that existing just-in-time burnout
prediction techniques use biomarkers such as skin temperature,
motion-based activities (accelerometers), electrodermal
fluctuations, and wristband-based blood volume pulse. Various
ML agorithms such as multilayer perceptron (MLP), random
forest, k-nearest neighbors, support vector machine, linear
regression, convolutional neural networks (CNN), fully
convolutional network, Time-CNN, ResNet MLP, CNN-LSTM
(long short-term memory), MLP-LSTM, InceptionTime, and
others have been used in these studies [29,30]. However, a
common limitation among these works is the lack of clinical
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explainability, which has not been adequately addressed in this
research field [25,29,30].

Multitask Deep Learning Frameworks on Wearable
Sensor Computing

Recent advancementsin deep learning (MTL) frameworks have
demonstrated significant improvements in the performance of
wearable sensor computing. Taylor et a [31] developedan MTL
model that simultaneously predicts physical activity levelsand
stress markers using datafrom wearable devices. Their approach
highlighted the benefits of shared representationsin improving
the generalizability and accuracy of the predictions [31].
Similarly, Sabry et al [32] introduced a deep MTL framework
for health monitoring that integrates tasks such as activity
recognition, sleep stage detection, and stress level prediction,
showing enhanced performance over single-task models.
Another noteworthy contribution by Arefeen and Ghasemzadeh
[33] focused on leveraging MTL to predict both physiological
and behavioral responses, illustrating the model’s robustness
across different wearable sensor datasets.

Context-Aware Stress Prediction Using Wearables

Context-aware stress prediction has gained traction asit enables
more accurate and personalized stress monitoring. Agajari et al
[34] proposed a context-aware framework that uses
environmental and physiological data from wearable sensors
to predict stresslevels, achieving higher accuracy compared to
context-agnostic models. Similarly, Campana and Delmastro
[35] developed a context-aware stress monitoring system that
integrates location-based data and social interactions with
physiological signals, demonstrating significant improvements
in stress prediction accuracy. The work by Zhang et a [36]
further advanced this field by incorporating ML agorithms to
analyze multimodal sensor data, thereby providing real-time
stress detection and feedback.

Explainable Wearable Sensor Computing

Many researchers proposed different interpretable and
explainable artificial intelligence (Al) agorithms to make
complex Al prediction models explainable, which include the
Additive Feature Attribution method and thelocal interpretable
model-agnostic explanations (LIME) approach [37]. The SHAP
(Shapley Additive Explanations) approach combines LIME
with Shapley values to provide explanations for black-box
models [38]. Other methods include class activation mapping
[39], DeepLIFT (Deep Learning Important Features) [40], and
layer-wise relevance propagation [41] for interpreting CNNSs.
In health care, explainable Al applications have been devel oped
for interpreting imaging studies and real-time predictions [42].
One previous work proposed interpretable ML techniques for
stress prediction using wearables, but it only provided a
simplistic representation of top features based on SHAP, which
lacks clinical significance [43]. Adapa et al [44] proposed a
supervised ML method to predict burnout among resident
physiciansthat takes a bunch of surveysto understand different
workplace problems and activities related to it, and—based on
those longitudinal surveys on personal, physical, workplace
environmental, and physiological status measures—performed
a supervised ML approach to identify some highly correlated
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factors (emotional exhaustion, depersonalization, race
demographics, etc). EMBRACE offers both efficient burnout
prediction and aclinically validated survey-filling-out method,
hypothesizing that the clinical survey of burnout estimation is
explainable and trustworthy among resident physicians. Recent
studies have focused on making these systems more
interpretable. Abdelaal et al [45] introduced an explainable Al
framework for wearable health monitoring that uses SHAP
values to provide insights into model predictions, enhancing
trust among clinicians. Additionally, De Canniére et a [46]
proposed an interpretable deep learning model that visualizes
feature importance and decision pathways, making the model’s
outputs more comprehensiblefor end users. Another significant
contribution by Kyriakou et al [47] involves the devel opment
of atransparent stress detection system that combines rule-based
logic with ML to offer clear explanations of its predictions.

Our proposed EMBRACE framework leverages a clinically
explainable, multitask adaptive deep learning approach, making
it superior by providing trustworthy and actionable insightsfor
burnout prediction. By integrating context-aware stress
prediction with explainable Al techniques, EMBRACE ensures
high accuracy and transparency. This combination addresses
the limitations of existing models, thereby enhancing the
practical utility of wearable sensor computing in clinical settings.

The primary aim of this study is to develop and validate the
EMBRACE framework, a clinicaly explainable adaptive
multitask deep learning model, for predicting and explaining
future burnout among resident physi cians using wearabl e sensor
data. We hypothesize that integrating real-time physiological
data, context-aware activity recognition, and explainable ML
techniques will significantly enhance the accuracy,
interpretability, and clinica trustworthiness of burnout
predictions. We further hypothesize that the EMBRACE
framework’s performance will generalize effectively across
diverse clinical environments, supporting timely interventions
to mitigate burnout and promote physician well-being.

Methods

The EMBRACE framework consists of two core components:
(1) an algorithm for detecting workplace activity and stress
using a publicly available dataset and (2) an adaptive algorithm
for detecting burnout level and explanation in our collected
dataset, aswell asin the publicly available dataset [3].

Publicly Available Wear able Stress and Affect
Detection Dataset (D1)

We used the WESAD (Wearable Stress and Affect Detection)
public dataset [48]. This dataset comprises recordings from 15
participants (12 male and 3 female) who were equipped with 2
wearable devices: the RespiBAN Professional and the Empatica
E4. The RespiBAN device, positioned on the chest, captured
signals such as body acceleration (along 3 axes), body
temperature, respiration, electrocardiography, el ectromyography,
and EDA, al sampled at afrequency of 700 Hz. The Empatica
E4 wristband measured signals including hand acceleration
(along 3 axes), skin temperature, blood volume pulse, and EDA,
with these signal sbeing recorded at varying sampling rates. All
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signals from the Empatica E4 were subsequently upsampled to
a uniform rate of 64 Hz using the Fourier method. The
participants selected for this study excluded individuals with
mental or cardiovascular conditions, those who were pregnant,
and heavy smokers, with an average age of 27.5 years. During
the data collection phases, participants either stood or sat during
the baseline, amusement, and stress phases (with half of the
participants standing and the other half sitting for each phase).
In contrast, all participants sat during the meditation phase (for
details, see Multimedia Appendix 1) [49-52].

Building upon previous research on stress detection using the
WESAD dataset [48], we considered 3 distinct classification
tasksin thisstudy. Thefirst task [48] focused on distinguishing
between stress and nonstress states using data from 3 phases:
baseline, stress, and amusement. The aim wasto classify stress
(stress phase) versus nonstress (baseline and amusement phases)
(Svs NS). The second task [48] aimed to differentiate among
3 states: baseline, stress, and amusement (B vs Svs A). The
third task [48] extended the classification to 5 distinct classes:
baseline, stress, amusement, meditation, and recovery (B vs S
vSA vsM vsR).

Publicly Available Stress and User Modeling Dataset,
SWELL-Knowledge Work Dataset (D2)

The SWELL-KW (SWELL Knowledge Work) dataset comprises
accelerometer, heart rate, and galvanic skin response sensor
dataal ong with activity labels and subjective stress assessments
from workplace activities [50-52]. Datawere collected from 25
participants (average age 29, SD 4.2 years) performing tasksin
controlled laboratory scenarios designed to induce stress
(neutral, time pressure, and email interruptions). Each partici pant
completed all scenarios over a 3-hour session, with sensors
operating at 50 Hz (accel erometers), 1 Hz (heart rate monitors),
and 10 Hz (galvanic skin response sensors). Activity labels
included making presentations, paper writing and planning,
writing and reading emails, programming, creating overviews,
information searching, and time away from the keyboard,
annotated via video recordings for accuracy.

Subjective stresswas assessed using 4 validated surveys. NASA
(National Aeronautics and Space Administration) Task Load
Index (NASA-TLX), Rating Scae Mental Effort (RSME),
Self-Assessment Manikin (SAM), and Perceived Stress Scale
(PSS) [53]. NASA-TLX measures task load across mental,
physical, and tempora demand, performance, effort, and
frustration (scores are averaged, with higher scores indicating
higher stress). RSME rates mental effort (0-150 scale; higher
indicates higher stress). SAM captures valence, arousal, and
dominance emotions pictorially (higher arousal and lower
valence indicate higher stress) [54]. PSS provides a global
measure of perceived stress (10-item, 0-40 scale; for details,
see Multimedia Appendix 1) [53].

Ethical Considerations

The study received approval (exemption) from the institutional
review board (#2021-017) of Berkshire Medical Center of the
University of Massachusetts Chan Medical School. Participants
voluntarily participated in this study and provided informed
consent before enrollment. All data were stored in a secure,
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HIPAA (Health Insurance Portability and Accountability
Act)-compliant server with proper deidentification to protect
participant privacy. The study adheresto ethical guidelinesand
regulatory requirements for conducting research with human
participants. Participation in this study was entirely voluntary.
No incentives or gifts were provided to participants, afact that
was clearly communicated during recruitment and outlined in
the consent document.

Our Data Collection Principles

Medical and Clinical Tasks of I nterest

The medica and clinical task of interest in our study is
prognostic, focusing on predicting the future occurrence of
burnout among internal medicine resident physicians. This
involves continuous monitoring of physiological data using
wearable sensors to estimate the risk of burnout, thereby
allowing timely interventions.

Research Question

The primary research question addressed in this study is, “Can
continuous monitoring of physiological data using wearable
sensors, combined with ML techniques, accurately predict future
burnout levelsin resident physicians?’ The outcomes of interest
include the levels of burnout, stress, and satisfaction, as
measured by the Mini-Z Burnout Survey [13]. The study aims
to identify significant predictors of burnout and develop an
explainable ML model to enhance clinical decision-making.
TheMini-Z survey iswidely recognized asaclinically validated
and concise tool for assessing burnout, stress, and job
satisfaction, making it ideal for our target study on resident
physicians who face high-pressure environments. Itssimplicity
and focus on actionable dimensions like workload, electronic
medical record (EMR) stress, and control over work ensure that
it captures relevant factors contributing to burnout, aligning
perfectly with the predictive goas of our EMBRACE
framework. The survey’s structured 10-item format facilitates
automated completion via ML models, enabling seamless
integration with wearable sensor data for real-time burnout
prediction. Mini-Z's broad adoption in health care settings
ensures that its results are interpretable and trustworthy for
clinicians, enhancing the explainability and clinical utility of
our framework. By targeting key predictors of burnout and
providing clear thresholds for intervention, the Mini-Z survey
supports our objective of delivering clinically actionableinsights
to improve resident physicians well-being.

Known Predictors and Confoundersto What s Being
Predicted or Diagnosed

Predictors of burnout in this study include physiological
measures such as heart rate variability, skin conductance, and
physical activity levels, collected using the Empatica E4 watch
[55]. These predictors are chosen based on existing literature
that linksthem to stress and burnout. Confounders may include
individual differences in baseline stress levels, workload
intensity, and personal coping mechanisms. These factors are
controlled through initial baseline assessments and continuous
monitoring.
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Overall Study Design

The study uses a prospective cohort design, where 28 internal
medicine resident physicians are monitored over a period
ranging from 2 to 7 days. Data collected includes physiol ogical
metrics from wearable sensors and responses to the Mini-Z
Burnout Survey [13]. The study is divided into training,
validation, and testing phases to develop and evaluate the ML
model.

Medical I nstitutional Settings

The study is conducted at a renowned teaching-based medical
center, Berkshire Medical Center of the University of
Massachusetts Chan Medical School, where the internal
medicine residency program is hosted. The collected data and
the ML model are intended to be used in this clinical setting to
monitor and predict burnout among resident physicians.

Target Population

This study targets internal medicine resident physicians from
various postgraduate year (PGY1, PGY2, and PGY3) levels.
The model aimsto generalize across this population to provide
accurate burnout predictions for different stages of residency
training.

I ntended Use of the ML Modél

The ML model isintended to be used as a tool for continuous
monitoring and early detection of burnout among resident
physicians. It will provide real-time alerts to medica staff and
wellness coordinators, enabling proactive interventions. The
intended users (with residents consent) include clinicians,
residency program directors, and wellness coordinators, who
will use the model’s outputs to support residents’ well-being.

Existing Model Performance Benchmarksfor ThisTask

Existing benchmarks for burnout prediction models typically
involve metrics such as accuracy, recal, precision, and the area
under the receiver operating characteristic curve. Previous
studies using ML methods have reported varied performance,
often limited by a lack of rea-time data and clinical
explainability. Our study aims to surpass these benchmarks by
incorporating continuous physiological monitoring and
explainable Al techniques.

Burnout Classes

Burnout level swere assessed using the Mini-Z Burnout Survey,
which includes 10 questions scored on a 5-point Likert scale,
along with an additional open-ended question. Three different
burnout scal es were derived from these responses:

1. Joyful Measure: The total scoreis calculated by summing
the pointsfrom all 10 items, with a score range of 10 to 40
points. A score of 20 or higher indicates a joyful work
environment, which has been used to design a 2-class
problem: joyful or not joyful work environment.

2. Sdtisfaction Scale: Thisscaleisderived by adding the points
from questions 1, 2, 3, and 4, resulting in a score range of
4 to 25 points. A score of 20 or higher indicates a highly
supportive environment, which has been used to design a
2-classproblem: satisfied or not satisfied work environment.
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3. Stress Scale: Thestress scaleis calculated by summing the
points from questions 5, 6, 7, and 8, with a score range of
410 25 points. A scoreof 20 or higher indicates alow-stress
environment with reasonable EMR pressures, which has
been used to design a 2-class problem: high or low stress
at work environment.

Participants were asked to complete the Mini-Z survey daily,
and their responses were used to establish baseline burnout
levelsand track changes over the study period. This continuous
assessment allows for timely interventions to prevent and
mitigate burnout.

Our Collected EMBRACE Dataset Description (D3)

The study included 28 internal medicine resident physicians
(average age 27.5, SD 35 years) from a renowned
teaching-based medical center, spanning different postgraduate
years (PGY1, PGY2, and PGY3). Inclusion criteria required
participants to be actively engaged in their residency program,
while exclusion criteria involved any medical conditions that
could interfere with stress and burnout assessment. Data
collection was prospective, with participants wearing an
Empatica E4 watch continuously from the start to the end of
their daily duties, covering periods ranging from 2 to 7 days.
Each participant contributed to atotal of 98 days of data, with
each day spanning 8 to 13 hours of working hours, averaging
10.5 hours per day, resulting in approximately 1029 hours of
physiological dataand 98 different daily ground truth datafrom
surveys. Of 98 days, 33 (34%) were identified as burnout days
(the days that ended with a burnout as per the burnout survey),
spanning over 19 out of 28 (68%) residents. The collected data
included heart rate variability, skin conductance, and physical
activity levels, recorded at frequencies of 1, 10, and 50 Hz,
respectively. Additionally, participants completed the Mini-Z
Burnout Survey daily via a web-based form sent to their cell
phones, providing subjective assessments of burnout, stress,
and satisfaction. Potential biases include self-reporting
inaccuracies and the variability in daily workloads, which were
controlled through baseline assessments and continuous
monitoring. The dataset consists of longitudinal records with
multiple data points per participant, encompassing continuous
(physiological measures) and categorical (survey responses)
data. Data preprocessing involved normalizing physiological
measures and handling missing data through imputation
methods. Known quality issues include potential sensor
malfunctions and variability in self-reported data. The sample
size was deemed sufficient based on standard ML training
requirements, ensuring adequate model performance and
stability. The data are stored in a secured, HIPAA-compliant
server and are available for further research upon request,
adhering to data sharing policies. Table S1 in Multimedia
Appendix 1 presents the description of the study.

Detecting Wor kplaceActivity and StressUsing Existing
Dataset

Multitask Deep Learning for Joint Activity and Stress
Detection

A multitask deep learning framework for wearabl e sensor-based
activity and stress detection involves training asingle model to
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simultaneously perform multiple tasks, specifically activity
recognition and stress level classification. The framework
combines both tasks into a single neural network architecture,
allowing shared representations to be learned and leveraging
the complementary information present in the data.

Input Data
The input data consist of time-series sensor readings from

wearable devices, denoted as X O R™N, where T represents the
length of thetime seriesand N isthe number of sensor channels.

Activity Recognition Task

Activity recognition aims to predict the activity type based on
sensor data. The predicted activity labels are denoted as Y O
{0, 1} €., Wwhere C_, represents the number of activity classes.
The output layer for activity recognition is defined as

O, = softmax(Wy x H + b,y) (1)
where H represents the shared hidden representations obtained

from the network, W, isthe weight matrix, and b, isthe bias
term specific to the activity recognition task.

Stress Level Classification Task

Stress level classification aimsto predict the stress level based
on sensor data. The predicted stress |abels are denoted as Yy es

040, 1} Sgrees Where Cy,ess represents the number of stress|evel

classes. The output layer for stresslevel classification isdefined
as

Ogress = SOftMaX(Weress X H + Dyres) (2)

where H represents the shared hidden representations obtained
from the network, Wy, e iS the weight matrix, and by IS the

bias term specific to the stress level classification task.

Shared Representation Learning

The shared representation learning module learns a
representation that captures both activity and stress-related
patternsin theinput data. Thismodule consists of acombination
of 1 CNN with 32 hidden nodes each and 2 LSTM layers with
64 hidden nodes each to extract meaningful features from the
input time series. Thefinal fused hidden representation obtained
from thismodule is denoted as H.

Loss Function

The multitask loss function combinesthe losses from both tasks
to jointly optimize the model. The loss function is defined asa
combination of activity recognition loss (L,y) and stress level
classification 10ss (Lgess), Weighted by respective task-specific
coefficients (a and B):

Loss=a x Lact + B X Lstress (3)

Learning

Themodel istrained using backpropagation and gradient descent
optimization techniques, minimizing the multitask lossfunction.
The shared representation learning module and task-specific
layers are updated jointly during training. By training the
multitask deep learning framework, the model learns to extract
relevant features from the wearable sensor data and
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simultaneously perform activity recognition and stress level
classification tasks. This joint learning approach enables the
model to leverage the shared representations and potentially
improve the performance of both tasks compared to training
Separate models.

Burnout Prediction and Explanation

Multitask Few-Shot Domain Adaptation for Mini-Z
Survey and Burnout Prediction

To build a multitask few-shot deep domain adaptation
framework based on the previous framework, we will adapt it
to the scenario where wearabl e sensor data serves as input, the
source domain involves multitask stressand activity recognition,
and the target domain focuses on predicting the answers to a
multitask Mini-Z survey questionnaire [13] and burnout
prediction. The objectiveisto estimate the overall burnout scale
class based on the Mini-Z survey questions’ answers. We
describe this model asfollows.

Preliminaries

In this framework, we have a similar input data representation
where the source domain framework isthe previously described
multitask deep learning architecture for stress and activity
recognition tasks. The model architecture includes shared
representation learning, output layers for activity recognition
(O4) and stress level classification (Oges), @nd corresponding
labels Y, and Yges IN the target domain, the focus shifts to
predicting the answers to the multitask Mini-Z survey
guestionnaire. The objective is to estimate the overall burnout
scale class based on the answersto the Mini-Z survey questions.
For each Mini-Z survey question, a separate output layer is
defined in the neural network architecture. The output layer for
predicting the answer to question i is denoted as O, = f(W.H +
b)), where H represents the shared hidden representations
obtained from the network, W, is the weight matrix specific to
question i, by is the bias term associated with question i, and f
is an appropriate activation function. The estimated overall
burnout scale class is derived from the answers to the Mini-Z
survey questions. This has been achieved by defining a range
of total Mini-Z survey questions’ answers and mapping them
to specific burnout scale classes.

Multitask Adaptive Loss Function

The multitask loss function for the target domain includes the
task-specific loss for Mini-Z survey questions prediction
(Lmini-z) and the overal burnout scale class 10ss (Lyymout)

weighted by respective task-specific coefficients (yand 8). The
loss function is defined as

Loss= Y- I-Mini—Z +0- I-burnout (4)
where Ly,mou IS the cross-entropy loss for the overall burnout

scale class estimation, and Ly, is the R? loss metric. R isa

goodness-of-fit measure for regression models. This statistic
indicatesthe percentage of the variancein the dependent variable

that theindependent variablesexplain collectively. R? measures
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the strength of the relationship between our model and the
dependent variable on a convenient 0%-100% scale (see
Multimedia Appendix 1).

Few-Shot Domain Adaptation

Few-shot domain adaptation aims to transfer knowledge from
the source domain to the target domain, even when labeled data
in the target domain is limited [56]. We modify the
Model-Agnostic Meta-Learning (MAML) agorithm [57]
according to our multitask source and target problem, which
allowsthe model to quickly adapt to new tasksusing 10 labeled
samples from each class. The modified MAML algorithm
includes initialization of model parameters and source domain
training. Then, the few-shot domain adaptation includes
selecting afew target sampleswith labelsto define anew target
task with the cloned source model’s parameters. Then, for each
target domain task, we perform afew gradient update steps on
target parameters using few samples and compute the
task-specific target loss in the inner loop; and compute the
gradient of the task-specific target loss with respect to source
parameters and updateit. Finally, we eval uate the adapted target
task model using Mini-Z survey answer—based prediction (see
Algorithm S1 in Multimedia Appendix 1).

Results

Setup

Source and Target Dataset Setup

The EMBRACE burnout dataset (D3) we collected does not
include ground truth data for activity recognition. However, to
effectively interpret burnout, it is crucial to predict workplace
activity summaries, evaluate burnout levels, and use clinicaly
validated survey tools to enhance explainability and build trust
among physicians. To address this, we used the SWELL-KW
(D2) dataset as our source data. This dataset uses the same
wearable sensor (Empatica E4) as ours and provides labeled
workplace activities along with ground truth data for workplace
stress assessment. In our problem setup, the target dataset isour
collected EMBRACE dataset (D3).

Task Definitions

There are two tasks involved in the source dataset (D2)—task
1 (T.y): 5-class activity recognition (writing reports, making
presentations, reading email, searching for information, and
others); and task 2 (Tgeo): 3-Class stress level recognition
(neutral, interruption, and time pressure). On the other hand,
there are four tasksinvolved in the target dataset (D3)—task 1
(Tsurvey_answers): @ 10-Class regression problem to fill out survey
questions; task 2 (Tyymouy): @ 2-class overall measure (joyful
work environment or not); task 3 (Tyymour): @ 2-Class satisfaction
scale (highly supportive work environment or not); and task 4
(Thurnoua): @stressscale (low stress environment with reasonable
EMR pressure or not). In Figure 1, we present the schematic
diagram of our entire framework with multiple task
specifications.
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Figure 1. The schematic diagram of the proposed framework.
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I mplementation

Our proposed model was implemented using Python's Keras
library with the TensorFlow backend. For the regression task,
denoted as T, we used the RMSE loss function. In

survey_answers!
contrast, for the classification tasks, which encompassed the
remaining tasks, we used categorical cross-entropy loss. These
loss functions were used while jointly training the few-shot
MAML algorithm.

Hyperparameter Tuning
The optimization of our system was performed using the Adam

optimization function with a learning rate of 1x107%. The
selection of the optimized learning rate and the weighting
parameter [3 (set to 0.25) was achieved through hyperparameter
tuning. The learning model of our framework was executed on
aserver equipped with acluster of 3 NvidiaGTX GeForce Titan
X GPUs and an Intel Xeon CPU (2.00 GHz) processor, along
with 12 gigabytes of RAM.

Training

For training the multitask stress and workplace activity
recognition framework, we used the D2 dataset (SWELL-KW)
asinput. This dataset included readings from wearable sensors
such as accelerometers, heart rate monitors, and galvanic skin

response sensors. The framework was trained to address two
tasks. To adapt the shared module of the target adaptive
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Burnout prediction task

multitask explainable burnout prediction, we used the trained
weights for initialization (domain adaptation). Subsequently,
we replaced the inputs with our collected dataset, D3, with
readings from wearable sensors such as accelerometers, heart
rate monitors, and EDA sensors. Additionally, we modified the
output layer to accommodate the 4 aforementioned task
problems.

Timeseries Leave-One-Out-Cross-Validation Setup

The conventional 10-fold cross-validation approach [58] is not
suitable for sequential data. Therefore, to train and assess the
performance of our proposed EM BRACE framework, we adopt
atime-series cross-validation method [8,59]. Here, we partition
the entire sequential dataset into two halves. Subsequently, we
randomly select a sequence of data from the first half as the
training sample and another random sequence from the second
half as the testing sample. This processis repeated 10 timesto
generate 10 distinct pairs of training and testing data sequences.
While generating such training and testing data sequences, we
maintained a  leave-one-person-out (leave-one-out
cross-validation or LOOCV) strategy (leaving the training
dataset included the individua relevant dataset out while
selecting the testing dataset); thus, the person (out of 28) we
choseto includein the training dataset would never be selected
for the testing dataset. Figure 2 presents a sample of the
L OOCV-based training and testing dataset generation technique
that prevents dataleakage between training and testing datasets.
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Figure 2. Example leave-one-person-out strategy-based training and testing sample generation without data leakage.
Qriginal dataset for person P1, P2, P3, and P4
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Accuracy Evaluation Criteria

To evaluate individual task-level classification performancein
the multitask setting of the EMBRACE framework, the accuracy
metric was measured in a macro or balanced setting. For
example, balanced accuracy calculates the accuracy for each
task individually and then takes the average of these accuracies
across al tasks, treating each task equally regardless of its
sample size, using balanced accuracy (see Equations in
Multimedia Appendix 1). This ensures a balanced contribution

from all tasks to the overall performance metric. Balanced
accuracy is suitable in scenarios where al tasks are equally
important, and their performance needs to be evaluated
independently of dataset size. It is particularly useful in MTL
problems where sample sizes vary significantly between tasks.

To add more significance in the performance evaluation, we
included balanced precision, recall, and F;-score as metrics too
[60]. Additionally, we calculate the standard deviation of all
these metrics to evaluate the presence of overfitting (Table 1).

Table 1. EMBRACE?framework predicted individual Mini-Z burnout survey questionnaire—-specific answersand overall burnout assessment performance
(R2 coefficient), regression precision, recall, and F1-score stated in the Accuracy Evaluation Criteria section. Data are presented as mean% (SD%).

Questions R Precision Recall F1-score
Q1 78.5(0.9) 79.5(0.9) 78.9(0.8) 80.6 (0.9)
Q 75.8(0.7) 77.4(0.8) 75.3(0.9) 76.4 (0.9)
Q3 69.5 (1.9) 70.6 (1.1) 70.5(1.2) 716 (1.0)
Q4 84.6 (0.9) 87.8(0.7) 84.6 (0.9) 86.5(0.9)
Q5 97.5(0.01) 98.2 (0.01) 97.5(0.01) 98.3(0.01)
Q6 96.3 (0.01) 95.9 (0.02) 96.3(0.01) 97.1(0.02)
Q7 93.6 (0.02) 94.8 (0.03) 93.6 (0.02) 93.6 (0.01)
Q8 90.5 (0.3) 88.5(L.1) 90.4 (0.2) 91.3(0.8)
Q9 86.5 (0.9) 87.1(1.2) 85.9 (0.5) 88.8 (0.9)
Q10 90.2 (1.0) 89.4 (1.1) 90.2 (1.0) 91.5(0.8)
Overall 87.7 (0.5) 88.3(0.8) 87.6 (0.4) 88.8(0.7)

3EMBRACE: Explainable Multitask Burnout Prediction Using Adaptive Deep Learning.

To evaluate individual task-level regression performance (ie,
the prediction explanatory power), we used R? coefficient as

the primary evaluation metric. R? is a goodness-of-fit measure
for regression models. This statistic indicates the percentage of
the variance in the dependent variable that the independent
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variables explain collectively. R* measures the strength of the
relationship between your model and the dependent variable on

a convenient 0%-100% scale. The percentage of R? has been
presented in Multimedia Appendix 1. For perfect prediction,

R?=100, while R?=0 indicates no explanatory power. To estimate
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precision, recall, and F;-score for regression tasks, we
discretized the regression into predictions by considering
proximity between predicted and true values using a threshold
value of &=0.5.

Workplace Activity Recognition Perfor mance

The SWELL-KW (D2) dataset contains detailed annotations of
several workplace activities for 25 participants, including
activities such as making presentations, paper writing, paper
planning, writing emails, reading emails, programming, creating
overviews, searching for information, and being away from the
keyboard. However, due to significant overlaps between some
of these activities, it was challenging to accurately distinguish
them using wearable accelerometers and EDA sensors aone.
Therefore, we consolidated these activities into five distinct
categories: (1) writing (paper writing and paper planning), (2)
presenting (making presentations, programming, and creating

Alam & Alam

overviews), (3) email (writing emails and reading emails), (4)
searching (searching for information), and (5) others (time away
from keyboard, etc).

Table 2 presents the overall accuracy, precision, recall, and
F,-score for workplace activity recognition, with values of
91.6%, 93.1%, 91.6%, and 93.9%, respectively. These results
are accompanied by reasonably low standard deviations,
indicating no signs of overfitting. Notably, the classification of
writing activities achieves a significantly higher accuracy of
97% compared to other tasks. To compare the performance of
our activity recognition task, we implemented the Bi-LSTM
(bidirectional long short-term memory) [61], perceptron [62],
BayesNet [62], decision tree [62], and K-Star [62] algorithms.
Table 2 presents a comparison of various performance metrics
between our model and the baseline algorithms. The results
demonstrate that our model outperforms al the baseline
algorithms implemented in this study.

Table 2. Comparison of workplace activity recognition performance across different algorithms with the EMBRACE? framework. Data are presented

as mean% (SD%).

Algorithms Accuracy Precision Recall Fq-score
K-Star 76.4 (1.5) 75.8 (1.6) 76.4 (1.5) 772 (1.7)
Decision tree 80.2 (1.2) 815(1.3) 80.2 (1.2) 81.9 (1.5)
BayesNet 82.9 (1.1) 83.1 (1.0) 82.9 (1.1) 84.0 (1.2)
Perceptron 86.5 (1.0) 86.9 (1.1) 86.5 (1.0) 87.4(1.0)
Bi-LSTMP 91.4(1.0) 93.0(0.6) 91.4 (1.0 93.7 (0.4)
ours 91.6 (0.9) 93.1 (0.5) 91.6 (0.9) 93.9(0.2)

3EMBRACE: Explainable Multitask Burnout Prediction Using Adaptive Deep Learning.

bBj-L STM: bidirectional long short-term memory.

Stress Classification Performance

Linking Stressto Burnout and Use of Existing Datasets

Stress and burnout are closely linked, with chronic stress being
a significant predictor of burnout in many occupations.
Prolonged exposure to stress without sufficient recovery leads
to emotional exhaustion, one of the key components of burnout
[9]. Research has shown that stress affects not only physical
health but a so cognitive and emotional functioning, contributing
to higher rates of burnout in high-demand environments [63].
Additionally, the accumulation of stress over time without
effective coping mechanisms has been associated with an
increase in depersonalization and reduced personal
accomplishment, further solidifying the connection between
stress and burnout [64]. Since wearable sensor-based burnout
prediction datasets are not available, we apply our proposed
framework to existing wearable stress datasets, such as the
WESAD (D1) [48] and SWELL-KW (D2) [50-52] datasets.

WESAD Data

The WESAD (D1) dataset includes5 emational states: baseline,
amusement, stress, meditation, and recovery. However, the

https://ai.jmir.org/2026/1/€57025

WESAD researchers noted that meditation and recovery are not
typical everyday emotional states and focused on the 3 primary
states: baseline, amusement, and stress [48]. Following their
approach, we excluded all data related to the meditation and
recovery states, reducing the dataset to a 3-class problem. Table
3 reports the overall accuracy, precision, recall, and F;-score
for stress level recognition on the WESAD (D1) dataset, with
values of 94.1%, 94.2%, 94.1%, and 94.6%, respectively.
Similar to the activity recognition results, the standard deviations
remain reasonably low, indicating no signs of overfitting.
Notably, the classification of the baseline stress level achieves
an impressive accuracy of 98.9%. To compare with existing
algorithms, we implemented SELF-CARE [65], the Gaussian
mixture model, and CNN agorithms (Table 4). The
SELF-CARE method uses selective sensor fusion and
context-aware techniques to enhance stress detection accuracy,
achieving an accuracy of 86.34%, aprecision of 87.2%, arecall
of 85.9%, and an F;-score of 86% for 3-class stress classification

[65].
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Table 3. Proposed algorithm-based 3-class stress level (baseline, stress, and amusement) classification performance details on the publicly available

WESADa (D1) dataset. Data are presented as mean% (SD%).

Stresslevels Accuracy Precision Recall F,-score

Baseline 98.9 (0.01) 97.8 (0.02) 98.9 (0.01) 98.6 (0.02)
Stress 93.7 (0.08) 94.8 (0.02) 93.7 (0.08) 95.5 (0.07)
Amusement 90.8 (0.10) 91.9 (0.10) 90.8 (0.10) 92.0 (0.09)
Overall 94.1 (0.03) 94.2 (0.03) 94.1 (0.03) 94.6 (0.02)

AWESAD: Wearable Stress and Affect Detection.

Table 4. Comparison of the proposed algorithm with state-of-the-art algorithms on the WESAD? (D1) dataset to predict 3-class stress levels (baseline,

stress, and amusement). Data are presented as mean% (SD%).

Algorithms Accuracy Precision Recall F1-score
Gaussian mixture model [48] 825(1.2) 83.2(1.1) 825(1.2) 84.0(1.3)
Convolutional neural networks [48] 89.8 (0.9) 90.5 (1.0) 89.8 (0.9) 90.7 (0.8)
Random forest [48] 86.2 (1.0) 87.0(0.8) 86.2 (1.0) 87.4(0.7)
SELF-CARE [65] 86.34 (0.8) 87.2(0.6) 85.9 (0.7) 86.0 (0.6)
Ours 91.6 (0.9) 93.1(0.5) 91.6 (0.9) 93.9(0.2)

AWESAD: Wearable Stress and Affect Detection.

SWELL-KW Data

The SWELL-KW (D2) dataset contains stress data collected
from participants under 3 work conditions: neutral, interruptions,
and time pressure. Table 5 reports the overal accuracy,
precision, recall, and F;-score performance metrics of our

proposed algorithm for 3-class stress level classification on the
SWELL-KW (D2) dataset, with values of 94.7%, 94.7%, 94.7%,
and 95.1%, respectively. Similar to the resultsfrom the WESAD
dataset, the standard deviations remain low, indicating no signs
of overfitting. Notably, the classification of the neutral stress
level achieves an impressive accuracy of 99.5%.

Table 5. Proposed agorithm-based 3-class stress level (neutral, interruptions, and time-pressure) classification performance details on the publicly

available SWELL-KWa (D2) dataset. Data are presented as mean% (SD%).

Stress levels Accuracy Precision Recall F,-score

Neutral 99.5 (0.0) 98.2 (0.01) 99.5 (0.0) 99.1 (0.01)
Interrupt 94.1 (0.07) 95.4 (0.01) 94.1 (0.07) 96.3 (0.06)
Time 91.2 (0.09) 92.7 (0.09) 91.2 (0.09) 92.8 (0.08)
Overall 94.7 (0.02) 94.7 (0.02) 94.7 (0.02) 95.1 (0.01)

8SWELL-KW: SWELL Knowledge Work.

To compare with existing algorithms, we implemented the
following models stated in Table 6. Koldijk et al [66] used the
SWELL-KW dataset and compared several ML algorithms.
Support vector machine with an radial basis function kernel
achieved an accuracy of 90.03%, while other modelslike Naive
Bayes, K-Star, and BayesNet achieved lower accuracies of
64.77%, 65.81%, and 69.08%, respectively. More advanced
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models like random forest (87.09%) and MLP (88.54%)
outperformed simpler methods [66]. Similarly, de Vries et a
[67] used a learning vector quantization approach, achieving
88% accuracy for stress classification. Based on these results,
we can conclude that our framework demonstrates competitive
performance against other existing methods.
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Table 6. Comparison of the proposed algorithm with state-of-the-art algorithms on the SWELL-KW? (D2) dataset to predict 3-class stress levels
(neutral, interruptions, and time-pressure). Data are presented as mean% (SD%).

Algorithms Accuracy Precision Recall Fq-score
Naive Bayes 64.77 (4.3) 69.56 (3.9) 66.89 (2.5) 67.45 (3.5)
K-Star 65.81 (3.8) 63.8(3.7) 67.53 (4.1) 66.72 (4.1)
BayesNet 69.08 (2.5) 70.0 (3.1) 70.1(1.9) 69.08 (2.1)
Support vector machine (RBE® kernel) [66] 90.03 (0.8) 90.1(0.7) 90.03 (0.8) 91.0(0.9)
Random forest [66] 87.09 (1.0) 87.7 (0.9) 87.09 (1.0) 87.5 (1.1)
Multilayer perceptron [66] 88.54(1.2) 89.3(1.1) 88.54 (1.2) 89.1(1.3)
Learning vector quantization [67] 88.0(1.1) 88.5(0.9) 88.0(1.1) 88.4 (0.8)
ours 94.7 (0.9) 94.7 (0.5) 94.7 (0.9) 95.1(0.2)

8SWELL-KW: SWELL Knowledge Work.
bRBF: radia basisfunction.

EMBRACE Dataset

The EMBRACE dataset contains data for predicting burnout
levels based on several measures, including the joyful measure,
satisfaction scale, and stress scale. In addition to burnout

measures prediction, we also use Mini-Z survey questions to
predict specific responses for questionnaire completion. Tables
7 and 8 present the regression and classification performance
for survey question completion and burnout prediction using
our adaptive MTL framework.

Table 7. EMBRACE? framework—based burnout prediction performance details on our collected dataset. Note that the Mini-Z burnout survey has 3
burnout measures (joyful measure, satisfaction scale, and stress scal€) with 2 classes each to classify. Data are presented as mean% (SD%).

Burnout measures Accuracy Precision Recall F1-score
Joyful measure 82.7(0.1) 83.5(0.2) 82.5(0.15) 81.3(0.14)
Satisfaction scale 79.2 (0.1) 80.5(0.2) 78.4(0.15) 79.5(0.2)
Stress scale 89.3 (0.05) 87.6 (0.11) 89.5(0.1) 90.3(0.1)
Overall 85.1(0.1) 86.4 (0.1) 84.8 (0.2) 86 (0.1)

3EMBRACE: Explainable Multitask Burnout Prediction Using Adaptive Deep Learning.

Table 8. Comparison of Mini-Z survey questionnaire-specific answer score (regression problem) prediction performance of our proposed algorithm
with state-of-the-art algorithms, where individual answer ranges from 1 to 5. Data are presented as mean% (SD%).

Algorithms R2 Precision Recall F1-score
Random forest [66] 82.6 (1.0) 82.8(0.9) 82.3(1.1) 83.2(1.0)
Decision tree [68] 80.3(1.1) 80.6 (0.9) 79.8 (1.2) 81.0(0.8)
Bi-LSTM2[61] 85.7 (0.8) 86.1(0.7) 85.4 (0.9) 86.5(0.8)
ours 87.7 (0.5) 88.3(0.8) 87.6 (0.4) 88.8(0.7)

3Bi-L STM: bidirectional long short-term memory.

Table 1 shows that our framework performs well in predicting
survey question responses, with overall percentage R°
coefficient, precision, recall, and F;-score of 87.7%, 88.3%,
87.6%, and 88.8%, respectively (refer to the Accuracy
Evaluation Criteria section). Although afew questions (such as
Q1, Q2, and Q3) show relatively lower performance, the
adaptive MTL framework efficiently compensates, yielding
robust overall results.

Table 8 shows that our EMBRACE framework outperforms
several baseline algorithms, including random forest, decision
tree, and Bi-LSTM, in predicting Mini-Z survey questionnaire
responses. With an overall percentage R coefficient, precision,

https://ai.jmir.org/2026/1/€57025
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recall, and F;-score of 87.7%, 88.3%, 87.6%, and 88.8%,

respectively, the framework demonstrates robust performance.
Notably, while some questions (eg, Q1, Q2, and Q3) exhibit
lower individual performance, the adaptive MTL approach
effectively compensates for these discrepancies, ensuring
reliable overall results. Compared to other models, EMBRACE
achieves higher precision and recall across all metrics,
highlighting its superior ability to capture the nuances of
physician burnout through clinically validated survey responses.

Table 9 reports the performance for burnout prediction,
achieving an overall balanced accuracy, precision, recall, and
F,-score of 94.7%, 94.7%, 94.7%, and 95.1%, respectively

JMIR Al 2026 | vol. 5| 57025 | p.143
(page number not for citation purposes)


http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR Al

(refer to the Accuracy Evaluation Criteria section). The standard
deviations across both tasks remain low, indicating no signs of
overfitting.

To compare with existing algorithms, weimplemented learning
vector quantization, random forest, and Bi-LSTM [61], all of
which have been shown to perform well in burnout and stress

Alam & Alam

prediction tasks. Table 9 compares these algorithms
performance on the EMBRACE dataset. The Bi-LSTM
algorithm performs closest to our model but is still dightly
lower in every metric. The learning vector quantization and
random forest model s perform moderately well but do not match
the high performance of our EMBRACE framework.

Table 9. Comparisons of our proposed algorithm based on overall burnout prediction accuracy with state-of-the-art algorithm performance on our

collected EMBRACE? dataset. Data are presented as mean% (SD%).

Algorithms Accuracy Precision Recall Fq-score

Learning vector quantization [67] 88.0(1.1) 88.5(0.9) 88.0 (1.1) 88.4(0.8)
Random forest [66] 87.09 (1.0) 87.7(0.9) 87.09 (1.0) 87.5(1.1)
Bi-LSTMP [61] 93.6 (0.8) 93.9 (0.6) 93.5(0.9) 94.0 (0.7)
Ours 94.7 (0.9) 94.7 (0.5) 94.7 (0.9) 95.1(0.2)

3EMBRACE: Explainable Multitask Burnout Prediction Using Adaptive Deep Learning.

3Bi-LSTM: hidirectional long short-term memory.

Explainability Study

The primary focus of the explainability study inthe EMBRACE
framework is to enhance the clinical trustworthiness and
usability of the burnout prediction system through an easily
interpretable, explainable ML model. This study aims to make
complex model predictions comprehensible to the end users
(resident physicians and clinicians) by providing insights into
how the predictions are derived, thus increasing their clinical
utility.

Setup

We implemented the explainability module as a supplementary
step inthe EMBRACE system, focusing on two primary outputs:
(1) the completion of a clinicaly validated burnout survey
(Mini-Z) and (2) a summary of workplace activity, stress
mesasures, and burnout indicators. The Mini-Z survey responses,
which serve asaclinically explainable output, are automatically
filled based on the model’s burnout prediction. These survey
responses reflect the participants’ stress, workload, and overall
satisfaction levels.

In this study, we adopted SHAP as our primary explainability
tool for wearable sensor-based burnout and stress prediction.
SHAP values assign importance scores to each feature used in
the model, offering a detailed breakdown of how each feature
contributesto the final prediction. These explanations are then
converted into an intuitive format that can be easily interpreted
by clinicians. For visualization, we generated 2 main outputs:
SHAP value-based feature importance plots and a time-series
summary of activities and stress indicators throughout the day.

Use of ML in Explainability

Our adaptive multitask deep learning model leverages
time-series datafrom wearabl e sensors such asheart rate, EDA,
and accelerometer readings to predict burnout. Once the
predictions are made, we use SHAPto interpret the contributions
of each sensor reading toward the burnout prediction. For
example, SHAP valuesillustrate whether elevated heart rate or
prolonged sedentary periods are significant contributors to
burnout risk.

https://ai.jmir.org/2026/1/€57025

In addition to the burnout predictions, we also predict the
responsesto Mini-Z survey questions, which include satisfaction
with work, perceived stress, and control over workload. SHAP
analysis allows the model to break down these predictions,
showing how different stressors (eg, EMR workload or
workplace interruptions) influence the outcomes. This
transparency ensures that clinicians can trust the model’s
predictions and understand the underlying factors driving these
outcomes.

Visualization
Visuaization plays a crucia rolein translating the explainable

ML outcomesinto actionableinsightsfor clinicians. Our model
outputs two primary visual aids:

1. Feature Importance Plot:
The SHAP-based feature importance plot ranks the top
features contributing to burnout, such as heart rate
variability, sedentary activity duration, or frequent
interruptions. Clinicians can use this ranking to quickly
identify key stressors associated with burnout risk and focus
on interventions for the most significant factors.

2. Activity and Stress Summary:
Thistime-series summary visualizesthe participant’sdaily
activity breakdown, including tasks such as writing notes,
responding to emails, and attending meetings. These
activities are mapped to stress levels measured by the
wearable sensors. The summary offers clinicians an
at-a-glance overview of how workday activities contribute
to stress and burnout risks.

Below are sample tables that represent these visualizations for
one participant (sample no. 1).

These tables provide clinicians with a clear understanding of
key featuresinfluencing burnout (Table 10), asummary of daily
activities (Table 11), and asummary of stresslevels (Table 12).
This visualization enables clinicians to take targeted actions
based on the specific stressors and activities contributing to
burnout.
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Table 10. Feature importance table for person (sample no. 1).
Feature SHAP? value Importance rank
Heart rate variability 0.45 1
Sedentary activity duration 0.38 2
Time spent writing notes 0.35 3
EMRP time 030 4
Interruptions frequency 0.25 5
Sleep quality (night before) 0.20 6
8SHAP: Shapley Additive Explanations.
PEMR: electronic medical record.
Table 11. Activity summary table for person (sample no. 1).
Activity Time spent (hours) Percentage of the day
Writing notes 45 45
Responding to emails 2.0 20
Attending meetings or presenting 15 15
Searching for information 1.0 10
Breaks (away from keyboard) 1.0 10
Table 12. Stress summary table for person (sample no. 1).
Stress level Duration (hours) Percentage of the day
High stress 35 35
Medium stress 25 25
Low stress 3.0 30
Neutral or relaxed 1.0 10

End-of-Day Email Alerts and Feedback Collection

To ensure proactive interventions, the EMBRACE framework
sends an end-of-day email to the resident physician with a
summary of the day’s activities, stress levels, and a filled-out
Mini-Z survey. The email includes a visual breakdown of the
day’s workload and corresponding burnout predictions, along
with recommendations to mitigate future burnout risks.
Clinicians and residents can review the survey and workplace
summary to identify stressorsand consider adjustmentsin daily
routines.

Furthermore, the system integrates a feedback loop, where
physicians can provide input on the model’s predictions and
explanations. The feedback is collected through a web-based
form linked in the email, where clinicians can indicate whether
the burnout prediction and activity summary matched their
actual experience. This feedback is invaluable for further
refining the EMBRACE model, ensuring it adaptsto the unique
experiences of individual residents and physicians over time.

By integrating SHAP values, visualization tools, and real-time
feedback collection, the EMBRACE framework effectively
bridges the gap between complex ML models and clinically

https://ai.jmir.org/2026/1/€57025

actionable insights. The explainability study showcases how
these tools enhance both the interpretability and usability of the
burnout prediction system, enabling physicians to make
informed decisions regarding their well-being.

Evaluation of the Satisfaction of Explainable
Visualization

Additionally, we conducted an end-of-study survey to evaluate
the impact of our visualizations on participants’ understanding
of burnout. The survey, completed by 23 out of 28 participants,
assessed the clarity of the 3 explanations. feature importance
summary, activity summary, and stress summary. Among the
23 participants, 20 (87%) reported that the feature importance
summary was the most impactful. Furthermore, 21 (91%)
participants expressed high satisfaction with the explainability
of the feature importance summary, 18 (78%) participantswere
highly satisfied with the activity summary, and 21 (91%)
participants were highly satisfied with the stress summary
explanation. These findings underscore the importance of
explainability in promoting user trust and comprehension of
predictive models in clinical settings. Table 13 provides the
details of our end-of-study survey results.
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Table 13. Poststudy survey responses: satisfaction with feature importance, activity summary, and stress summary explanations.

Satisfaction level Feature importance (n=23), n (%) Activity summary (n=23), n (%) Stress summary (n=23), n (%)
Highly satisfied 20 (91) 18 (78) 21(91)

Somehow satisfied 1(4) 3(13) 2(9)

Neutral 0(0) 1(4) 0(0)

Somehow dissatisfied 1(4) 1(4) 0(0)

Totally unsatisfied 0(0) 0(0) 0(0)

Discussion

Validation of EM BRACE With Wear able Sensors,
MAML, and Correlation Analysis

Our proposed EMBRACE framework demonstrated that
adaptive multitask deep learning, integrated with wearable
sensor data and SHAP-based explanations, effectively predicts
future burnout among resident physicians, significantly
improving clinical interpretability, trust, and actionableinsights.

We have chosen the Empatica E4 wearable sensor for its robust
and validated capability to capture key physiological indicators
associated with burnout, stress, and exhaustion, including heart
rate, EDA, skin temperature, and accelerometry data. The
device'saccuracy and widespread usein clinical research ensure
reliable data collection, aligning with our objective to quantify
predictors and confounders of burnout. Established studies have
demonstrated strong correlations between heart rate and EDA
with stress, anxiety, and exhaustion, making these metrics
critical for identifying burnout-related patterns. Furthermore,
the inclusion of skin temperature and accelerometry enriches
the dataset by providing insights into thermoregulation and
activity levels, which are important confounders for
differentiating physical and psychological stressors.

We have used the MAML algorithm in this study becauseit is
particularly suited for scenarios with limited labeled data and
the need to generalize across diverse tasks, such as detecting
burnout indicators acrossindividual swith varying physiol ogical
baselines. Unliketraditional ML algorithms, MAML efficiently
adapts to new tasks with minima fine-tuning, enabling
personalized predictions in dynamic and heterogeneous
environments. Additionally, its meta-learning approach ensures
robust model performance even when faced with variability in
wearable sensor data, making it ideal for addressing the
challenges of burnout prediction in real-world settings.

The findings of this study provide valuable insights into the
relationship between workplace activities, stress levels, and
burnout among resident physicians. By applying the multitask
workplace activity and stress detection algorithm to our collected
dataset (D3), we effectively analyzed and predicted burnout
levels with high accuracy. The correlation analysis using the
Pearson correlation coefficient technique between predicted

https://ai.jmir.org/2026/1/€57025

workplace activities, stress levels, Mini-Z questionnaire
responses, and burnout measures offers a comprehensive view
of the stress-burnout relationship. These correlations are
visualized in Figure 3.

Our results reveal several key relationships. Foremost, highly
interruptive and time-pressured workplace activities were
strongly associated with elevated stress levels and negative
responses to the Mini-Z questionnaire. These findings align
with previous studies, which demonstrate that frequent
interruptions and increased workload pressures contribute to
burnout. For instance, residents who experience continuous
interruptions may struggle to focus on critical tasks, leading to
higher stressand dissatisfaction. Thisisevident in survey items
such as Q5 (“I feel a great deal of stress because of my job”)
and Q6 (“The amount of time | spend on the EMR at home”),
both of which exhibited strong correl ationswith time-pressured
activities.

Moreover, the correlation between note-writing activities,
especially related to EMR documentation, and higher stress
levels further underscores the role of administrative tasks as a
significant contributor to burnout. Stress related to EMR use
has been widely reported in health care literature, and our
analysis corroborates these findings, confirming that
documentation burdens are a key stressor for residents. As
shown in the correlation heatmap, these tasks are closely aligned
with burnout predictors.

Interestingly, a positive correlation between presentation
activities and job satisfaction was observed. Activities that
involve presenting or participating in discussions were linked
to amore joyful work environment, suggesting that these tasks
may foster a sense of professional accomplishment or
engagement, serving as protective factors against burnout.

From an explainability perspective, the SHAP values were
crucia in providing insights into how specific workplace
activities and physiological measures influenced burnout
predictions. Visualizing the contribution of individual features,
such as heart rate variability and sedentary activity duration,
enhanced clinical trust inthe model’s predictions. Thereal-time
interpretability facilitated by email alerts and feedback loops
played akey rolein engaging residentswith their data, providing
afeedback mechanism for continuous model improvement.

JMIR Al 2026 | vol. 5| €57025 | p.146
(page number not for citation purposes)


http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR Al

Alam & Alam

Figure3. Pearson correlation coefficient (R) heatmap among detected workplace activities, stresslevels, Mini-Z survey responses, and burnout measures.
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Conclusion and Future Work

This paper introduces the EMBRACE framework, a novel
multitask adaptive deep learning approach designed for
predicting and explaining burnout in resident physicians. By
integrating wearable sensor data with the clinically validated
Mini-Z burnout survey, EMBRACE providesaunique approach
to clinically explainable burnout prediction. The combination
of workplace activity recognition, stress level detection, and
explainable burnout prediction offers clinicians actionable
insights into the burnout risks faced by resident physicians.

Our results demonstrate high prediction accuracy across all
tasks, with the framework outperforming several baseline
models, including Bi-LSTM, learning vector quantization, and
random forest. The SHAP-based explainability mechanisms
also significantly enhanced theinterpretability of model outputs,
building clinician trust and enabling real-time interventions
based on predicted burnout risks.
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Despite these promising findings, the study haslimitations. The
relatively small sample size of 28 participants limits the
generalizability of theresults. Further studieswith larger, more
diverse populations are needed to validate the findings.
Additionally, while EMBRACE offers detailed insights into
stress and burnout, further research is required to assess the
long-term effectiveness of the suggested intervention strategies.
A longitudinal satisfaction study would also be valuable in
evaluating the impact of explainable Al in reducing burnout in
clinical settings.

Future work will focus on expanding the framework by
incorporating additional physiological and behavioral metrics,
such as sleep quality and social interactions, to provide amore
comprehensive assessment of burnout risks. We also aim to
develop personalized interventions based on real-time
predictions, allowing for tailored strategies to mitigate burnout
before it escalates. Scaling the framework to different clinical
environments and assessing its adaptability in various health
care settings will also be key areas of exploration.
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Abstract

Background: Patient experienceisacritical consideration for any health care institution. Leveraging artificial intelligence (Al)
to improve health care delivery has rapidly become an institutional priority across the United States. Ambient Al documentation
systems such as Dragon Ambient eXperience (DAX) may influence patient perception of health care provider communication
and overall experience.

Objective: The objective of this study was to assess the impact of the implementation of an ambient Al documentation system
(DAX) on Press Ganey (PG) patient experience scores.

Methods: A retrospective study was conducted to eval uate the rel ationship between provider use of DAX (N=49) and PG patient
sati sfaction scoresfrom January 2023 to December 2024. Three domainswere analyzed: (1) overall assessment of the experience,
(2) concern the care provider showed for patients questions or worries, and (3) likelihood of recommending the care provider
to others. Mean pretest-posttest score differences and P values were calculated.

Results: A total of 49 health care providers across 9 departments participated in the DAX pilot. Aggregate scores for individual
items increased between 0.9 and 1.9 points. Care provider concern for a patient’s questions or worries increased the most (1.9
points; P=.01), followed by overall assessment of the experience (1.3 points; P=.09) and likelihood of recommending the provider
(0.9 points; P=.33). Subgroup analysis showed alarger increasein concern scores among providers using DAX <50% of thetime
(3.2-point increase; P=.03).

Conclusions: This pilot study aimed to investigate the relationship between provider use of DAX and PG patient experience
scoresin the outpatient setting at alarge academic medical center. Increasesin PG scores after implementing DAX were observed
acrossall PG items assessed. Astechnology and Al continue to improve and become more widespread, these results are encouraging.
Health care providers may consider leveraging Al note-taking software asaway to enhance their communication and interactions
with patients.

(IMIR Al 2026;5:€78830) doi:10.2196/78830

KEYWORDS

ambient Al documentation; Dragon Ambient Experience; DAX; patient experience scores; provider-patient communication;
Press Ganey outcomes; artificial intelligence; Al

: experience and health care delivery has rapidly become an
Introduction institutional priority across the United States.
Background Al Documentation Toolsin Clinical Practice

Patient experienceisacritical consideration for any health care
institution. Understanding the patient experience helps health
careingtitutions continually learn and improve, which supports
the delivery of high-quality, patient-centered care [1].
Leveraging artificial intelligence (Al) to improve patient

https://ai.jmir.org/2026/1/€78830

Advancesin technology, specifically in Al and natural language
processing, have made a tremendous impact on the delivery of
health care. There are a number of toolsin use that are proven
to improve the efficacy of medica providers, decrease
administrative burden, and improve work-life balance [2,3].
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Recently, there have been considerable advancements in
speech-to-text recognition programs that leverage natural
language processing and generative Al technology to assist with
provider documentation [2,4,5]. Examples include Knowtex,
Abridge, and Dragon Ambient eXperience (DAX) [6]. These
software products use ambient listening to record theinteraction
between the health care provider and patient. Through generative
Al, they use medically focused large language models to
generate a note for provider review and are trained to only
include key information succinctly and accurately [2].

It isimportant to note that medical providers are not the only
party impacted by the use of Al inthe provision of care. Patients
are also vital to consider when deciding to use these tools. For
example, facilitiesusing Al tools such asvirtual health assistants
showed increased satisfaction scores between 2019 and 2021
[3]. Additionally, preliminary research has shown that nearly
20% of adults in the United States expect Al to improve their
relationship with their physician and over 30% expect Al to
improve their accessto care [7].

Using established, validated patient experience metrics can help
more comprehensively understand the impacts of Al on the
patient experience. One of thelargest platformsfor measurement
of patient experience is the Press Ganey (PG) survey, which is
used by over 40,000 hospitals and clinics, leading to over 1
billion patient voices heard [8]. The PG platform allows for
measurement and comparison across similar ingtitutionsand is
relied upon to measure patient experience acrossthe health care
industry.

Study Objectives

Despite the established importance of patient experience in
health care, there isapaucity of literature on the impacts of Al
use on the patient experience. This study aimed to address this
gap by assessing the rel ationship between provider use of DAX

Table. Provider demographics (N=49).

Daviset a

(Nuance) and the patient experience using PG data. Specifically,
this study analyzed patient experience scores for providers
before and after the implementation of DAX. Our primary
hypothesis was that there would be a statistically significant
increase in patient experience scores after the implementation
of DAX.

Methods

Ethical Consider ations

This study was determined to be non—human subject research
by theinstitutional review board at the University of Rochester
(study 00009626). This retrospective study posed minimal risk
and involved no direct participant contact. All data were
deidentified before analysis; any potentialy identifiable
elements (including names or National Physician Identifier
numbers) were removed immediately upon access, and health
care provider identifiers were removed following data linkage
using a temporary crosswalk. Data were stored on secure,
password-protected institutional servers, with access restricted
to study personnel. Because this study involved retrospective
data only and no participants were enrolled or contacted, no
compensation was provided.

Study Design and Setting

We conducted aretrospective study to evaluate the relationship
between health care provider use of DAX and patient satisfaction
scores as measured using the PG patient experience survey from
January 2023 to December 2024.

A total of 49 outpatient care providers participated in the DAX
software pilot. The group comprised physicians and nurse
practitioners from 9 departments, including internal medicine,
family medicine, and orthopedic surgery. Table 1 provides a
summary.

Participants, n (%)

Health care provider type
Physician

Nurse practitioner
Department
Internal medicine
Family medicine
Orthopedic surgery
Neurology
Pediatric medicine
Otolaryngology
Colorecta surgery

46 (93.9)
3(6.1)

21 (42.9)
16 (32.7)
5(10.2)
4(8.2)
1(2)
1(2)
1(2)

DAX Implementation and Wor kflow

Patient encounters were recorded using the DAX tool. DAX is
an Al documentation tool that alows for automatic
documentation of patient encounters through the use of ambient

https://ai.jmir.org/2026/1/€78830

listening and generative Al. Specifically, at the start of a visit,
after obtaining consent, the provider accesses the Al
documentation tool through their mobile device. Ambient
listening is used to record the provider-patient encounter. When
the visit is complete, the recording is stopped, and generative
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Al that uses medicine-specific large language model s generates
a subjective, objective, assessment, and plan note that is
available within seconds. The provider is then able to review,
edit, and sign the note into the patient’s record.

Data Sources

Two primary data sources were used in this study: (1) the
number of provider encounters conducted using DA X, which
was available in the Epic Signal database; and (2) the patient
experience survey from PG. All data were collected from
January 2023 to December 2024.

PG Measures

The PG patient experience survey is voluntary and emailed to
all patients following an outpatient visit with a member of the
medical faculty group. Patients are administered 1-item
measures regarding their experience with the health care
provider and facility. Each item is measured on a Likert-type
scale from 1 to 5 (1="very poor”; 5="very good”). Responses
to the following three items were analyzed in this study: (1)
overall assessment of the experience, (2) concern the care
provider showed for patients questions or worries, and (3)
likelihood of recommending the care provider to others.

The above itemswere chosen because of their focus on provider
communication and interpersona quality, which arethe domains
most likely to beinfluenced by DAX. For each of the 3 domains,
responses were weighted, and amean scorewas calculated using
the average of all responses. Specifically, the scale from 1to 5
was converted to a 100-point scale in which “very poor” (1)=0,
“poor” (2)=25, “fair” (3)=50, “good” (4)=75, and “very good”
(5)=100. Following weighting, the scores were added up and
divided by the total number of responses for that domain to
assign a scoreto the provider.

DAX Use Categories

To evaluate theimpact of DAX use on patient experience scores,
apre- vs postuse analysis was conducted. Specifically, patient
experience domain scores were calculated before and after the

Daviset a

date when a health care provider began using DAX for their
encounters. For al providers, thefirst use of DAX was between
March and July 2024. The “before” period was defined from
January 2023 until the first date of use, whereas the “after”
period was defined from the first date of use until December
2024. In addition to an aggregate pretest-posttest analysis, we
categorized by DAX use according to reported percentage of
use. Two thresholds were established: <0% to 50% and >50%
to 100%.

Statistical Analysis

To compare group differences, we conducted 2-samplet tests
(2-tailed) and extracted P vaues using the Satterthwaite
approximation for unequal variances. All analyses were
considered statistically significant at P<.05. Datawere analyzed
using Stata (version 17; StataCorp) and SAS (version 9.4; SAS
Institute).

Results

Health Care Provider Characteristics

Of the 49 hedlth care providers included, 46 (94%) were
physicians and 3 (6%) were nurse practitioners. The average
monthly DAX usein the postuse period was 52.1% and ranged
from <1% to 100% in a given month for a provider.

Pretest-Posttest PG Score Changes

Interestingly, al items exhibited increases in mean scores
following the implementation of DAX. The mean score for
patients overall assessment of the experience increased from
93.7 (SD 8.8) t0 95.0 (SD 7.4; P=.09). The mean score for the
concern that the care provider showed for a patient’s questions
or worries increased nearly 2 full points from 94.3 (SD 9.3) to
96.2 (SD 6.2; P=.01). Finally, the mean score for the patient’s
likelihood of recommending the provider to another individual
increased from 94.0 (SD 10.1) to 94.9 (SD 8.9; P=.33). These
results are summarized in Table 2.

Table. Press Ganey mean score comparison (January 2023-December 2024).

Before After P value
Survey responses, n Score, mean (SD) Survey responses, n Score, mean (SD)
Overall assessment 1640 93.7 (8.8) 3034 95.0 (7.4) .09
Care provider concern 1643 94.3 (9.3) 3027 96.2 (6.2) .01
for patients’ questions
or worries
Likelihood of recom- 1623 94.0 (10.1) 3021 94.9 (8.9) .33

mending the care
provider

Subgroup Analysisby DAX Use

Analyzing the data further, based on DAX percentage of use of
<0% to 50% and >50% to 100%, all scores increased in the
postuse period regardless of DAX percentage of use. However,

https://ai.jmir.org/2026/1/€78830

the only statistically significant increase was found for care
provider concern for the patients' questions or worries in the
0% to 50% group, exhibiting a 3.2-point increase (P=.03). The
results of thisanalysis are summarized in Table 3.
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Table. Pretest-posttest Press Ganey score summary by Dragon Ambient eX perience use (January 2023-December 2024).

Percentage of use Score before use, mean (SD) Score after use, mean (SD) P vaue

Overall assessment

0% to 50% 92.6 (8.6) 94.1(7.9) 26

>50% to 100% 94.2 (9.4) 95.6 (7.1) 27

Care provider concern for patients’ questions or worries

0% to 50% 91.9 (10.2) 95.1 (6.4) .03

>50% to 100% 95.0 (10.4) 96.8 (6.0) 16

Likelihood of recommending the care provider

0% to 50% 92.2 (10.3) 93.8(9.2) 32

>50% to 100% 95.1 (10.0) 95.5(8.7) 78
Discussion Patient-centered care is focused on giving patients agency in

Principal Findings

Examining our aggregate results suggests that implementation
of DAX has the potential to positively influence PG patient
experience scores regardless of the extent of use. Overall, each
patient experience domain showed improvement following
DAX adoption, with the greatest gains observed in measures
related to provider communication and attentiveness. These
findingsindicate that DAX may support more patient-centered
interactions.

Interpretation in Context of Patient Experience
Literature

Patient experience scores are an important quality indicator in
health care and an essential consideration for patient-centered
care. Asdiscussed, PG offers widely used, validated measures
of the patient experience across the health care industry.
However, these scores may be difficult to improve on for a
variety of reasons. For example, there are potential outside
influences on patient satisfaction outcomes that may result in
difficulty influencing these scores asthey may be outside of the
health care providers' or the organization’s control. These may
include patient demographics such as age and sex; the
environment in which care is delivered (eg, location of
appointment); and factors related to the survey itself, such as
the time between when care is received and when the patient
completesthe survey [9]. Therefore, consideration of influences
that are within the health care team’s control becomes even
more important.

Although the use of Al in health careisin its early stages, it
has shown considerable promise to improve the delivery of
health care across numerous specialties [10-12]. Al has been
used to interpret imaging studies [13], predict clinically
significant outcomes[14], decreasetime spent in documentation,
and lower burnout scores [15]. However, to our knowledge,
there has been no study that comprehensively assesses the
patient experience PG scores following the implementation of
Al documentation tools in the health care setting. As such, we
sought to assess how using this Al tool could alow for amore
patient-focused experience as measured using PG scores.

https://ai.jmir.org/2026/1/€78830

their health care, requiring that providers and all members of
the health care team work alongside the patient for effective
and safe care [16]. Our results indicated that, in the aggregate
analysis, there were statistically significant increases in PG
scores after theimplementation of DAX. In particular, the scores
that increased significantly were those for the concern that the
care provider showed for patients' questions or worries. This
suggests that, after implementing the DAX tool, patients
perceived an increase in their providers' communication skills
and patient-centered care.

Impacts of DAX Use Patterns

As noted in the Results section, provider use of DAX varied
widely (<1% to 100% of encounters). Interestingly, when health
care providerswere divided into subgroups, the only statistically
significant result was for the 0% to 50% group for 1 item (care
provider concern). This finding may indicate that DAX use
interacts with patient-provider communication or other related
outcomes such as provider burnout. However, given that only
49 providerswereincluded inthisanalysis, the sample sizewas
likely too small to allow for meaningful subgroup analysis.
Future research should aim to assess how Al tool use thresholds
could impact patient satisfaction. One possibility is that
providers using DAX less frequently may reserve the tool for
encounters requiring more detailed communi cation or emotional
engagement, which could amplify the perceived benefit
compared with providers who use DAX uniformly across all
visits. Intermittent use may also create aclearer contrast between
DAX-supported and nonsupported encounters, potentially
contributing to the larger observed change in the <50% group.

Additionally, the wide range in monthly DAX use, which
averaged 52.1% but varied substantially across providers, may
have attenuated the overall effect observed in the aggregate
analysis. Variation in how quickly providers adopted the tool
and incorporated it into their workflow could contribute to the
smaller or nonsignificant changesin outcomes such aslikelihood
to recommend. This pattern reinforces the importance of
evaluating whether more consistent or widespread use leads to
greater improvementsin patient experience.
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Limitations

Therearelimitationsthat should be considered when interpreting
these results. First, this was a small-sample pilot study using
datafrom only 49 health care providers. Future research should
gather larger samples to alow for more robust statistical
significance testing as well as further breakdowns of the data
(eg, more stratified subgroups). Furthermore, the cohort included
providers from a broad range of specialties, which introduces
heterogeneity in clinical workflows and patient populations.
This variability limits the ability to draw specialty-specific or
subgroup conclusions and should be examined morerigorously
in future research. Second, this was a retrospective study, and
data availability limited our ability to measure equal pre- and
postintervention periods. Future research should systematically
measure real-time tool use and these constructs across equal
periods to validate these findings. Third, this study did not
compare PG scoresfor providerswho were not part of thispilot
study, which may be an area for future investigation.
Additionally, PG scores were only available at the provider
level and could not be linked to individual encounters,

Data Availability

Daviset a

preventing an assessment of patient experience specifically for
visitsinwhich DAX was used. Future research should examine
encounter-level PG outcomesto better isolate the direct impact
of DAX exposure. Finally, our sample represents providers
from 1 health care system, and generalizability should be
investigated in other settings.

Conclusions

In summary, this pilot study aimed to investigate the rel ationship
between health care provider use of an Al documentation tool,
DAX, and PG patient experience scoresin the outpatient setting
at alarge academic medical center. Increasesin PG scores after
implementing DAX were observed acrossal PG items assessed,
with 1 of the 3 items exhibiting statistical significance. As
technology and Al continue to improve and become more
widespread, these results are encouraging. While we were not
able to determine whether provider communication itself
changed, providers may consider leveraging Al note-taking
software to support patient experience as it may help facilitate
more effective communication and interactions with patients.

The datasets generated or analyzed during this study are not publicly available because they contain institutionally derived,
potentially identifiable patient experience and operational data that are subject to institutional data governance and privacy
restrictions, but may be available from the corresponding author on reasonabl e request and with appropriate institutional approvals.
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Abstract

Background: Clinical deterioration in general ward patients is associated with increased morbidity and mortality. Early and
appropriate treatments can improve outcomes for such patients. While machine learning (ML) tools have proven successful in
the early identification of clinical deterioration risk, little work has explored their effectivenessin providing data-driven treatment
recommendations to clinicians for high-risk patients.

Objective: This study established ML performance benchmarks for predicting the need for 10 common clinical deterioration
interventions. This study a so compared the performance of various ML modelsto inform which types of approaches arewell-suited
to these prediction tasks.

Methods: Werelied on achart-reviewed, multicenter dataset of general ward patients experiencing clinical deterioration (n=2480
encounters), who were identified as high risk using a Food and Drug Administration—cleared early warning score (electronic
Cardiac Arrest Risk Triage score). Manual chart review labeled each encounter with gold-standard lifesaving treatment labels.
We trained elastic net logistic regression, gradient boosted machines, long short-term memory, and stacking ensemble models to
predict the need for 10 common deterioration interventions at the time of the deterioration elevated risk score. Models were
trained on encounters from 3 health systems and externally validated on encounters from a fourth health system. Discriminative
performance, assessed by the areaunder the receiver operating characteristic curve (AUROC), was the primary eval uation metric.

Results. Discriminative performance varied widely by model and prediction task, with AUROCs typically ranging from 0.7 to
0.9. Across al models, antiarrhythmics were the easiest treatment to predict (mean AUROC 0.866, SD 0.012) while anticoagul ants
were the hardest to predict (mean AUROC 0.660, SD 0.065). While no individual modeling approach outperformed the others
acrossall tasks, the gradient boosted machines tended to show the best individua performance. Additionally, the stacking ensemble,
which combined predictions from all models, typically matched or outperformed the best-performing individual model for each
task. We also demonstrated that a sizable fraction of patientsin our eval uation cohort were untreated at the time of the deterioration
elevated risk score, highlighting an opportunity to leverage ML tools to decrease treatment latency.

Conclusions:  We found variability in the discrimination of ML models across tasks and model approaches for predicting
lifesaving treatmentsin patients with clinical deterioration. Overall performance was high, and these models could be paired with
early warning scores to provide clinicians with timely and actionable treatment recommendations to improve patient care.

(JMIR Al 2026;5:€81642) doi:10.2196/81642
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Introduction

Background

Previous studies have demonstrated that clinical deterioration
on the hospital wards is associated with increased morbidity
and mortality [1-5]. Deteriorating ward patients who require
intensive care unit (ICU) transfer account for adisproportionate
fraction of ICU deaths, with their mortality rates exceeding
those of patients admitted directly to the ICU [3,6]. Early and
appropriateinterventions are associated with improved outcomes
for patients experiencing acute physiological deterioration
[7-11]. Despite this knowledge, delaysin care are common and
associated with increased mortality [12-16], motivating the
development of new approaches to improve care for this
high-risk population.

Efforts to improve interventions for patients with clinical
deterioration can be divided into 2 domains: identification (ie,
earlier detection of high-risk patients) and response (ie, the
actions taken to address deterioration), also called the afferent
and efferent limbs of a rapid response system [17]. Much
existing work hasfocused on identification, asearlier detection
of high-risk patients naturally supportsearlier interventions; we
refer to the study by Mann et a [18] for a recent survey of
approaches related to early warning scores for early
identification. Broadly, these approaches identify physiological
changes, such as changes in vital signs, that tend to precede
deterioration [5,19,20]. Methodologies vary widely, although
much recent work has focused on integrating advanced machine
learning (ML) approacheswith el ectronic health records (EHRS)
to process risk scores automatically [19,21,22]. Single- and
multicenter studies implementing these types of early warning
systems have demonstrated promising improvementsto patient
outcomes [21,23-25].

Despite the progress in the identification arm of the system,
thereisfar lesswork analyzing how automated ML approaches
can be applied to similarly improve the response arm.
Identification is a necessary condition for initiating treatment,
but it is not sufficient to ensure that a patient receives the most
appropriate treatment (or treatments) in atimely fashion. This
is particularly important because early warning systems often
focus on nonspecific deterioration risk instead of monitoring
for a specific syndrome like sepsis [26]. Ideally, early warning
systems that flag high-risk patients would additionally supply
data-driven treatment recommendations. A recommendation
could serve asaclinical decision support toal, either to reinforce
clinician intuition or to prompt treatments that the clinician
might not have initially considered. Clinicians using similar

artificia intelligence (Al) clinical decision support tools in
related fields have been shown to outperform both the supporting
Al model and clinician judgment individually (eg, in pathology
[27] and radiology [28]).

However, treatment recommendation ML models that are tied
to clinical deterioration early warning scores have not yet been
developed, inlarge part, because such model s cannot be properly
trained on EHR data without significant additional clinician
input. Although EHR data can provide information regarding
what treatments a patient received, expert manual chart review
isrequired to assess which treatments they received (or did not
receive) were appropriate and directed at the underlying cause
of deterioration. Without chart review, models can only learn
to mimic the status quo, rather than provide gold-standard
treatment recommendations. Chart-reviewed datasets of this
kind are rare and typically limited in size or to single centers
[29]. As a result, it is currently unclear what level of
performance clinicians can expect from treatment
recommendation algorithms for general ward clinica
deterioration. Furthermore, it is unknown which types of ML
modeling approaches will perform best in this context.

Contribution

In this study, we train a collection of ML models to predict
lifesaving treatments for general ward patients with clinical
deterioration. These models are designed to supplement a
generalized early warning system by providing treatment
suggestions for clinician decision support. We rely on alarge,
multicenter  dataset  with  gold-standard  treatment
recommendations established by manual chart review [30].
These models set benchmark performance standardsfor different
types of treatment recommendations, and we discuss the
advantages and disadvantages of the various ML model types
under study.

Methods

Study Cohort

We used a study cohort built from 4000 chart-reviewed patient
encounters, originally introduced by Churpek et al [30]; we
reiterate key aspects of the cohort’s construction here.

Encounters were sampled from 4 health systems: University of
Chicago Medicine, the University of Wisconsin-Madison
Hospital, the Loyola University Medical Center, and 4 hospitals
within Endeavor Health. These samples were drawn from the
population of each health system’s encounters that met the
inclusion criteria established in Textbox 1. Collectively, the
encounters occurred between 2007 and 2020.

Textbox 1. All encounters satisfying the following criteria at the 4 noted health systems were eligible to be sampled as part of the study cohort.

o  Thepatient was at least 18 years of age;

«  Clinician provider notes (eg, admission history and physical discharge summary) were available for the encounter;

«  During their encounter, the patient was admitted to the hospital and spent time on a medical-surgical (non-intensive care unit) ward.

https://ai.jmir.org/2026/1/€81642
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Across the 4 health systems, 919,319 encounters met the
inclusion criteria. EHR data associated with these eligible
encounters were evaluated using the electronic Cardiac Arrest
Risk Triage score (eCART), an early warning score that uses
demographics, vital signs, and laboratory results to predict
clinical deterioration (ie, cardiac arrest, ICU transfer, or death)
[19]. Among these eligible encounters, 91,131 included 1 or
more instances where the eCART model met the threshold for
elevated risk of clinical deterioration (top 5% risk score) while
on the medical-surgical (non-1CU) ward. For brevity, we refer
tothisevent asan elevated risk score. From each health system,
1000 encounters with at least 1 elevated risk score were
randomly sampled for manual chart review (4000 total) by
expert acute care physicians. In thiswork, 5 of the encounters
from the University of Wisconsin-Madison Hospital were
ultimately excluded due to a lack of EHR data availability,
leaving 995 encountersfor that health system and 3995 overall.
These 3995 encounters were further filtered by chart review to
the final cohort size of 2480 based on the presence of atrue
deterioration event (ie, an occurrence of clinical deterioration
rather than afalse alarm) during or following the elevated risk
score. A complete flow diagram is provided in Multimedia
Appendix 1.

Ethical Consider ations

The study was approved by theinstitutional review board (IRB)
at each health system with awaiver of informed consent. IRB
approval was given under University of Chicago Biological
Sciences Division IRB  #18 - 0447, University of
Wisconsin-Madison IRB #2019 - 1258, Loyola University
Medical Center IRB #215437, and Endeavor Health IRB
#11 - 0539. All direct identifiers were deidentified before
analysis to ensure privacy and confidentiality. Participants did
not receive compensation for this data analysis, as this was a
retrospective analysis and no direct contact with participants
occurred.

M easures

Patient Measurements

A complete list of patient measurements included in our
modeling isprovided in Multimedia Appendix 2. Approximately
50 measurement types were included in our modeling. These
measurements included demographic information (eg, age and
sex), vital signs(eg, heart rate and temperature), and |aboratory
measurements (eg, electrolytes and blood cell counts). These
measurement types were selected by expert consensus as
ubiquitous measures available in the EHR. The measurements
were used to construct featuresfor the different algorithms used
in our modeling. Refer to the  Feature Engineering” section for
further description of the features used in our tested models.

The EHR also included information about the treatments each
patient received. However, this treatment information was not
included as an input to our models and was only used for
evaluation purposes (ie, to assess when or whether a patient

https://ai.jmir.org/2026/1/€81642
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received atreatment deemed lifesaving by manual chart review).
We chose to exclude treatments from the model features to
prevent label leakage into the dataset. Not only could leakage
artificially inflate assessed model performance, but inclusion
would have also allowed current treatment practicesto influence
model predictions.

Chart Review

The 1000 encounters sampled from each health system were
manually chart-reviewed by trained reviewers in each health
system. The complete chart review procedures are described in
the study by Churpek et a [30]; wereiterate relevant procedures
and outcomesiin this study.

Firgt, the reviewers assessed whether the elevated risk score
corresponded to a true deterioration event or to a false alarm
(eg, due to a spike in heart rate associated with the patient
getting out of bed). Of the 3995 encounters in the cohort, 2480
included 1 or more true deterioration events. For these cases,
the reviewers recorded 1 or more treatments that would
ultimately be considered lifesaving for the patient’ sdeterioration
event. For encounters that contained more than 1 deterioration
event, the chart review assessed the first such event. The
reviewers used information from both before and after the
elevated risk score (eg, clinician notes following treatment
initiation that describe diagnostic test results and the response
to therapy). Lifesaving treatments included both drug
interventions, such as antiarrhythmics or steroids, and nondrug
interventions, such astransfusions or ventilation. Additionally,
while nearly all patients received the treatment (or treatments)
indicated to belifesaving by the reviewersat some point in their
encounter, the chart-reviewed treatment was not limited to the
treatments the patient received. For instance, if a patient died
before the treatment could be administered, it was <till included
as alifesaving treatment during chart review. The chart review
process did not assign an optimal timefor initiating each labeled
intervention. As our goal was to evaluate the performance of
ML treatment recommendation algorithms at the time of an
elevated risk score, all chart-reviewed labels were chosen such
that they would have been appropriate to administer at thetime
of the elevated risk score.

Labelsand Prediction Tasks

For each encounter, the chart review process established 1 or
moretreatmentsto belifesaving for the patient. These treatments
served asthelabelsfor our predictive modeling. We considered
the 10 most common treatmentsindicated by chart review, given
in Textbox 2. Thus, the prediction problem was to predict a
patient’s need for each of the 10 treatment categories using the
patient's EHR measurements (processed appropriately into
model features) at the time of the patient’s elevated risk score.
This approach poses the problem as multilabel prediction (ie,
prediction for each treatment type occursin parallel) as opposed
to multiclass prediction (ie, treating combinations of treatments
aspossiblelabelswith only 1 label assigned to each encounter).
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Textbox 2. Treatment labels in descending order of prevalence across encounters at the Loyola University Medical Center (n=622 encounters).
Encounters at this health system were used as our test set, while encounters from the remaining 3 health systems were used for model training and
validation. For each treatment, we parenthetically note the number of positive-labeled cases. A single encounter may be labeled with multiplelifesaving

treatments, so positive labels do not sum to the total number of encounters.

« Antimicrobia (including antibiotics, antifungals, and antivirals; n=300)

o Fluid bolus (n=231)

« Antiarrhythmic (including beta-blockers and AV nodal blocking agents, n=111)

«  Diuretic (n=93)

« Inhaled bronchodilator (including nebulizer treatments and asthma medications, n=79)

«  Transfusion (n=60)

« Invasive ventilator (n=53)

o Vasoactive (including inotropes, n=49)
« Anticoagulant (n=36)

o  Steroid (n=29)

Tested Models

Model Types

A primary goal of our modeling was to assess whether certain
model types showed better or worse discriminative performance
on different treatment prediction tasks. As such, we trained
traditional, non—deep learning prediction models, namely elastic
net logistic regression (LR) and gradient boosted machines, as
well as deep learning time-series models, specifically atype of
recurrent neural network called a long short-term memory
(LSTM) model [31]. LR was implemented using Scikit-learn
[32], gradient boosted machines were implemented using
tree-based Extreme Gradient Boosting, referred to as XGB [33],
and L STMswereimplemented using PyTorch [34]. Both single-
and multilabel LSTMswere evaluated for the various prediction
tasks. In the single-label case, we trained unique LSTMs
(including hyperparameter tuning) for each prediction task; this
mirrors the process for LR and XGB, which aso natively
consider only a single label per model. In the multilabel case,
wetrained 1 LSTM model (ie, with 1 set of hyperparameters)
that simultaneously made predictions for al 10 treatment
prediction tasks.

Given the success of ensembl e learning approachesin numerous
health care prediction tasks [35,36], we also evaluated the
performance of a stacking ensemble learner in this treatment
recommendation context. Stacking, sometimes also called late
fusion, involves training a meta-learner from the outputs of
individual models, effectively learning appropriate weighting
values to assign to predictions made by each model [37,38]. In
this study, we used an el astic net L R meta-learner, trained using
the prediction probabilities from the individual model as
features.

Feature Engineering

While features for each model type relied on the same set of
EHR measurements, structural differences in the models
necessitated different approaches in feature engineering. We
provide an overview of these differences here and refer readers
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to a complete list of features and construction procedures for
each model in Multimedia Appendix 2.

The largest difference in features between LR or XGB and the
LSTM modelswastheir handling of temporal information. LR
and XGB do not directly process time-series data and thus
required the creation of asingle set of features to describe each
encounter. Thefirst portion of these LR and X GB features was
the last available value for each EHR measurement type at the
time of the élevated risk score. XGB can handle missing feature
values (eg, for an individua with no available measurements
of acertain value beforethe elevated risk score), so XGB models
were trained with a featurization of the dataset that preserved
missingness. LR cannot accommodate missing measurements,
so we created a separate version of the features for LR that
imputed missing values with medians from the training set;
these LR and XGB feature sets were otherwise identical. In
addition to the last-available measurement vaues, we aso
included a set of temporal summary statistics for certain
measurement types over the 24 hours preceding the elevated
risk score (eg, minimum or maximum values, means and SDs,
and rates of change over given timeintervals). These quantities
allowed for the encoding of near-term temporal information
about the patient and have been shown to improve the
performance of these modelsin previouswork on early warning
scores [20].

In contrast, LSTM models are designed to handle sequences of
temporal measurements for each encounter. For the LSTMs,
weresampled theraw time-seriesdatato uniformintervals. The
interval length (2, 4, or 6 h) was a tunable hyperparameter for
each of the prediction tasks (ie, treatment types). Regardless of
the interval length, a last-value-pulled-forward approach was
used for resampling the value at each time step. If no valuewas
available during the resampling interval, it was pulled forward
from the previous resampled value. If no previous resampled
value was available, it was imputed using the median value
from thetraining set. Resampling was performed relative to the
time of the elevated risk score, meaning the elevated risk score
time was used as the anchor point and the EHR data were
processed backward from that time using the specified interval
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length. In addition to the resampled measurement values, a
tunable hyperparameter in our LSTM models was the use of
imputation Booleans (ie, features that take the value 1 when a
given measurement is imputed and O when there is a true
measurement) [39]. This allowed the LSTM to also learn
patterns associated with missing versus true measurement
values.

For al models except XGB, we used the minimum and
maximum observed valuesin thetraining set to rescale features
to the interval [0,1]. The minimum and maximum values used
for rescaling were specific to the features constructed for each
model (ie, values in the resampled time-series features for the
LSTM wereonly used for rescaling the LSTM features, not the
LR features, and vice versa). XGB is scale-independent, so
variable scaling was not performed for these models.

Model Training

Data from encounters containing deterioration events at 3 of
the health systems (University of Chicago Medicine, 483
encounters; University of Wisconsin-Madison Hospital, 656
encounters;, and Endeavor Hedlth, 719 encounters) were
combined to form a training set (1858 encounters). The 622
encounters in the fourth health system, Loyola University
Medical Center, were used as a held-out test set. Structural
differences between LR and XGB, the LSTMs, and the stacking
ensemble required dlightly different tuning and training
procedures and are described further in this study.

LR and XGB followed a common fitting procedure aside from
LR’suse of featureswith imputation and XGB’s use of features
with missingness. Both LR and XGB models had tunable
hyperparameters (eg, regularization method for L R and number
of boosting rounds for XGB) that were evaluated with
cross-validation. Specificaly, the best-performing
hyperparameters were established by grid search during 4
repeats of 3-fold stratified cross-validation of the training set.
The area under the receiver operating characteristic curve
(AUROC) was used as the cross-validation scoring metric [40].
A complete set of hyperparameter ranges and chosen
hyperparameters for LR and XGB is provided in Multimedia
Appendix 2 and Multimedia Appendix 3. After identifying the
best-performing hyperparameters via grid search, the LR and
XGB models were retrained on the complete training set and
evauated on the test set.

Training differed dightly for the LSTMs as we used early
stopping as aform of model regularization; this meant that the
number of passes through the training set was included in
hyperparameter tuning. Specifically, in each iteration of the
same repeated 3-fold stratified cross-validation process, 2 folds
of thetraining set were used for model training, and 1 was used
for validation. After each pass through the training data, we
evauated the trained model’s AUROC on the validation
encounters. We repeated this process until 10 epochs passed
without the current epoch’s validation AUROC exceeding the
best-observed validation AUROC across past epochs. The
best-observed AUROC was used as the scoring vaue for that
iteration of cross-validation. We recorded the epoch count
associated with the best-observed validation AUROC and took
the mean of this value across the 12 total iterations of repeated
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cross-validation to obtain the tuned epoch value for that set of
hyperparameters.

In addition to tuning common hyperparameters, such as the
learning rate or number of hidden units, we explored the effect
of various other LSTM structures from the literature. For
instance, weincluded atarget replication parameter that allowed
for intermediate predictions (ie, those that would be made at
time steps before the elevated risk score) to also factor into the
model’s loss function [36,41]. We also included the option to
use channel-wiseinputs as abinary hyperparameter [42]; when
this option was used, each measurement channel was passed
through an additional LSTM with its own tunable
hyperparameters. Thisallowed modelsto capture specific trends
inindividual measurement streamsbeforethese quantitieswere
combined in the primary LSTM model. Aswith LR and XGB,
a complete set of hyperparameter ranges and chosen values is
availablein Multimedia Appendix 2 and Multimedia Appendix
3. As LSTM training was more time-consuming than that of
LR and XGB, we used Optuna (Preferred Networks) [43], a
package that uses Bayesian optimization to efficiently sample
candidate hyperparameters, to coordinate LSTM hyperparameter
tuning rather than performing a grid search. As with LR and
XGB, after identifying the best-performing hyperparameters,
weretrained amodel on the completetraining set and eval uated
its performance on the test set.

As our stacking ensemble model was an elastic net LR model,
it followed the same hyperparameter tuning process as our
individual LR models. However, special care was needed to
construct the training dataset for this stacking model. Recall
that a stacking model uses weighted predictions from each
submodel (eg, XGB) to make its predictions. To learn an
appropriate weighting, a stacking model must be trained with
out-of -sample predictions from each submodel. For each of the
submodels, we iteratively reconstructed a complete set of the
training encounters with out-of-sample predictions; thetraining
set wasdivided into 5 folds, and each submodel typewastrained
on 4 of the folds (using the best performing hyperparameters
identified previously) to produce out-of-sample predictions for
the remaining fold. Iterating across all 5 folds alowed for
complete reconstruction of the training set with out-of-sample
predictions. We repeated this process 5 times to produce a
dataset suitablefor repeated cross-validation (5 repeats of 5-fold
cross-validation). We used these out-of-sample predictions to
perform hyperparameter tuning and identify the best-performing
hyperparameters for the stacking models. We then trained the
final stacking model using the best-performing hyperparameters
on the complete set of out-of-sample predictions and evaluated
the stacking model’s performance on the test set.

Evaluation Criteria

Our primary evaluation criterion for the different models was
discriminatory ability, assessed using the AUROC. We express
uncertainty in calculated AUROC values using honparametric
bootstrapped 95% Cls[44]. Asasecondary metric, we assessed
model calibration using calibration curves and Brier scores,
with uncertainties also expressed using bootstrapped 95% Cls.
Finally, Shapley Additive Explanations (SHAP) values were
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used to provide model explainability results, asdescribed in the
study by Lundberg and Lee [45].

Results

Demogr aphic I nformation

Table 1 provides asummary of the demographic characteristics
of the study cohort, including separation by encounters at the

Pulick et &

train and test sites. Thetest site encounters came from a separate
health system but show similar demographic characteristics to
the encounters from the 3 health systems used to form the
training set.

Table. Demographic information for patient populations at the studied health systems.

Measure All sites Train sites Test site

Encounter count, n (%) 2480 (100) 1858 (74.9) 622 (25.1)
Age (y), median (IQR) 70 (50-84) 71 (59-86) 67 (57-79)
Female, n (%) 1244 (50.1) 944 (50.8) 300 (48.2)
Black, n (%) 492 (19.8) 359 (19.3) 133(21.3)
Elevated risk score value (eCART? 50 (40-76) 51 (40-78) 49 (40-69)

score), median (IQR)

Length of stay before elevated risk
score (hr), median (IQR)

203 (6.4-67.2)

Length of stay after elevated risk 126.9 (68.1-241.0)
score (hr), median (IQR)

In 1CUP before dlevated risk score, 493 (18.2)

n (%)

In operating room before elevated 401 (16.1)

risk score, n (%)

ICU transfer after elevated risk 721 (29)

score, n (%)

In-hospital mortality, n (%) 357(14.3)

18.4 (5.7-60.5) 28.2(8.1-88.8)

124.4 (67.0-234.8) 133.7 (72.0-260.7)

327 (17.5) 126/(20.2)
285 (15.3) 116 (18.6)
501 (26.9) 220 (35.3)
253 (13.6) 104 (16.7)

%CART: eectronic Cardiac Arrest Risk Triage.
BiCU: intensive care unit.

Timing of Treatment I nitiation

To give insight into the treatment initiation practices observed
in the test site encounters, Table 2 summarizes the fraction of
patients who received each treatment during particular time
periods in their encounter. Additional information regarding
treatment initiation timing can befound in Multimedia A ppendix
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2. While most patients received the lifesaving treatments
assessed by chart review at some point in their encounter, a
sizable fraction of patients were untreated at the time of the
elevated risk score. This untreated patient fraction varied by
treatment, ranging from roughly 20% in the case of
antiarrhythmics to nearly 90% in the case of vasoactives.
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Table. Timing of lifesaving treatments for the 622 test set encounters from the Loyola University Medical Center. Each row describes summaries of
treatment initiation timing for the encounters labeled as requiring that treatment during chart review.

Treatment Encounters, n (%) @patient received treatment during specified time window, n (%)
Any time during +48 h of ERS? Any time before <48 h before ERS <24 h before ERS
encounter ERS
Antimicrobial 300 (48.2) 295 (98.3) 291 (97) 217 (72.3) 202 (67.3) 129 (43)
Fluid bolus 231(37.1) 185(80.1) 171 (74) 107 (46.3) 89 (38.5) 73 (31.6)
Antiarrhythmic 111 (17.8) 110 (99.1) 108 (97.3) 87 (78.4) 85 (76.6) 39(35.1)
Diuretic 93(14.9) 92 (98.9) 85(91.4) 56 (60.2) 53 (57) 30(32.2)
Inhaled bron- 79 (12.7) 76 (96.2) 75 (94.9) 58 (73.4) 58 (73.4) 26 (32.9)
chodilator
Transfusion 60 (9.6) 50 (83.3) 47 (78.3) 23(38.3) 18 (30) 15 (25)
Vasoactive 49 (7.9) 46 (93.9) 35(71.4) 6(12.2) 4(82) 12
Anticoagulant 36 (5.8) 34 (94.4) 33(91.7) 25 (69.4) 23(63.9) 12 (33.3)
Steroid 29 (4.7) 28 (96.6) 25 (86.2) 14 (48.3) 14 (48.3) 5(17.2)

83ubcolumns indicate if a patient was treated during the noted period of their encounter (ie, each subcolumn gives a particular summary of treatment
practices for the encounters labeled as needing the treatment described in each row). For instance, chart review labeled 300 of the 622 encounters with
antimicrobials as alifesaving treatment. Among these 300 patient encounters, 295 (98.3%) received antimicrobial treatment at some point during their
encounter, 291 (97%) received antimicrobial treatment specifically within +48 hours of their elevated risk score, and so on. Patients may have received
treatment multiple times during their encounter. Note that the chart review process considered patients on invasive, mechanical ventilation to beintensive
care unit patients, thus making themineligible for chart review sampling and implying that no patientsin this cohort were receiving invasive ventilation
at the time of the elevated risk score. The electronic health record did not have a reliable signal indicating when invasive ventilation began, so we do
not report treatment summaries for this treatment.

bERS: elevated risk score.

on the complete test cohort from performance on the subset of
patients not actively receiving treatment at the time of the
Figure 1 summarizes the discriminative performance of the  elevated risk score. Model performance varied widely by model

tested models across the 10 prediction tasks, assessed by  typeand prediction task, with AUROCs typically ranging from
AUROC,; this summary includes a separation of performance 0.7to00.9.

M odel Performance
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Figurel. Areaunder thereceiver operating characteristic curve (AUROC) performance for each model type on the 10 treatment prediction tasks (given
as bar plots). The top panel summarizes model performance when evaluated on al patients in the test cohort. The middle panel summarizes model
performance when evaluated only on subjects in the test cohort who were not receiving the designated treatment at the time of the elevated risk score
(determined based on whether the patient received the treatment within the 48 h before the elevated risk score). Below each label in the top and middie
panelsisthe ratio of positive cases to total cases. The bottom panel summarizes the difference in AUROC values between the first and second panels
(AUROC on the untreated subset minus AUROC on all subjects). Negative values denote a decrease in performance on the untreated subset compared
with the full test cohort. In all panels, models are grouped together for each treatment. Inh. Bronch.: inhaled bronchodilator; LSTM: long short-term
memory; Vent.: ventilator; XGBoost: Extreme Gradient Boosting.
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Table 3 summarizes the discriminative performance of the rank-ordering of mean AUROCS varied slightly between these
models for each prediction task, specifically by averaging the cohorts. Broadly, the models tended to perform best on
AUROC performance across model types for each treatment.  prediction for antiarrhythmics, transfusions, and inhaled
Mean AUROC values are presented for both the completetest bronchodilators and performed worst on anticoagulants,
site cohort and the subset of test site patients not actively vasoactive agents, and invasive ventilation.

receiving treatment at the time of the elevated risk score. The
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Table . Summary of model performance for the different treatment types. Performance is assessed by the mean area under the receiver operating
characteristic curve performance of all model types (including the stacking ensemble) for each treatment. Mean values are calculated for both the full

test cohort and the untreated patient subset.

Untreated subset (AUROC), mean (SD)

Treatment Full test set (AUROC?), mean (SD)
Antiarrhythmic 0.866 (0.013)
Transfusion 0.823 (0.014)
Inhaled bronchodilator 0.805 (0.037)
Antimicrobial 0.788 (0.015)
Steroid 0.733(0.031)
Fluid Bolus 0.722 (0.011)
Diuretic 0.701 (0.024)
Invasive ventilator 0.671 (0.042)
Vasoactive 0.669 (0.031)
Anticoagulant 0.660 (0.065)

0.822 (0.022)
0.818 (0.018)
0.778 (0.065)
0.761 (0.018)
0.770 (0.026)
0.700 (0.012)
0.669 (0.040)
0.671(0.042)
0.666 (0.032)
0.585 (0.080)

8AUROC: area under the receiver operating characteristic curve.

Table 4 summarizes the relative performance of the different
model types. Specifically, model performance was assessed by
weighted AUROC performance across tasks and the mean
AUROC rank ordering of the models. Results are presented for
both the complete test site cohort and the subset of test site
encounters not actively receiving treatment at the time of the

elevated risk score. While no individual model universally
outperformed the others, XGB showed the best weighted
AUROC acrosstasks. The stacking ensemble offered improved
performance over the individual models, typically matching or
exceeding the AUROC of the best performing individual model
and showing the best overall weighted AUROC performance.

Table. Summary of tested model performance. Weighted model AUROCS?, mean AUROC model rank acrossall algorithms, and mean AUROC mode!
rank among individual models are provided for both patient populations (ie, the complete test site cohort and the untreated patient subset). Weighted
AUROCswere cal culated using the number of positive casesfor each prediction task asaweighting factor. Mean AUROC ranking cal cul ations weighted

each prediction task equally. SD values are noted in parentheses.

Model Performance on full test set Performance on untreated subset
Weighted AUROC Mean AUROC Mean AUROC Weighted AUROC Mean AUROC Mean AUROC
Rank Rank (individual Rank Rank (individual
only) only)

Ensemble 0.781 1.7 (0.64) _b 0.743 1.8 (0.60) —

XGBC 0.769 2.5(1.20) 1.8(0.87) 0.737 2.4(1.43) 1.8(1.08)

LRY 0.755 3.1(1.14) 2.3(0.90) 0.720 3.0(1.10) 2.2(0.87)
Multilabel LSTME 0749 3.9(1.22) 3.0(1.00) 0.712 3.9(1.22) 3.0 (1.00)
Single-label LSTM  0.744 3.8(1.40) 2.9(1.22) 0.699 3.9(1.22) 3.0 (1.00)

8AUROC: area under the receiver operating characteristic curve.
BNot applicable.

®X GB: Extreme Gradient Boosting.

IR logistic regression.

€LSTM: long short-term memory.

Figure 2 shows calibration curves for each modeling approach
when pooling predictions across all tasks. To further assess
calibration performance, we provide Brier scores and
task-specific calibration curvesin Multimedia Appendix 2. We
notethat we did not apply calibration postprocessing techniques
and instead evaluated the intrinsic calibration of the methods.
Theclassical ML approachestended to bewell-calibrated, while
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the LSTM s showed poor calibration. Global featureimportance
plots, assessed using SHAP values, for the 3 most common
treatments (antimicrobials, fluid boluses, and antiarrhythmics)
as well as case evaluations of steroid and anticoagulant
prediction can be found in the “ Feature Importance” sectionin
Multimedia Appendix 2.
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Figure 2. Cadlibration curves for the tested algorithms using a pooled set of predictions (ie, al prediction tasks are combined). Pooling was performed
as many individual tasks had too few positive cases to create meaningful calibration curves. LSTM: long short-term memory; XGBoost: Extreme

Gradient Boosting.
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Discussion

Principal Findings

In this multicenter study developing and comparing treatment
recommendation algorithmsfor high-risk hospitalized patients,
we found that predictive performance varied significantly by
model type and prediction task, typically with AUROC values
of 0.7 - 0.9. When assessed by the mean AUROC of all models,
including the ensemble, we observed the highest discriminative
performance on antiarrhythmic, transfusion, and bronchodilator
prediction (mean AUROCs0.866 [SD 0.012], 0.823[SD 0.014],
and 0.805 [SD 0.037], respectively) and observed the lowest
discriminative performance on invasive ventilation, vasoactive
agents, and anticoagulant prediction (mean AUROCs0.671[SD
0.042], 0.669 [SD 0.031], and 0.660 [SD 0.065], respectively).
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Overall, the XGB agorithm was the best-performing individual
model type, and an ensemble of all model typesfurther improved
performance. However, each individual model had the best
discriminative performance in at least 1 prediction task. The
timing of treatment initiation in the test site cohort varied by
therapy, and the models generally performed similarly for
patients receiving and not receiving therapy at the time of the
elevated risk score (except for anticoagulants). To the best of
our knowledge, these are the first models in the published
literature that use gold-standard chart-reviewed training datato
make treatment predictions at thetime of aclinical deterioration
elevated risk score. These models could be incorporated
alongside early warning scores to enhance clinical
decision-making and prompt earlier, lifesaving treatments.
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Predictive Performance by Treatment Type

We first examine the differences in performance across the
various treatment types, which ranged in AUROC values from
approximately 0.7 to 0.9. Antiarrhythmic prediction had the
highest AUROC, while anticoagulant prediction had the lowest
AUROC, athough several additional treatment types showed
similar performance to anticoagulant prediction (diuretics,
invasive ventilation, and vasoactives al had mean AUROCs
close to 0.7). A potential contributor to differences in
performance is likely the presence (or absence) of useful
predictive signalsin the structured EHR data used in this study.
For instance, changes in heart rate, which is a structured data
element included in our models, often signal a patient’s need
for antiarrhythmics, while treatments like diuretics rely on
additional measurement modalities that we did not include (eg,
chest X-ray images or physical observations showing signs of
fluid overload). To validate thisintuition, we performed SHAP
analysisfor the 3 most common treatment types (antimicrobials,
fluid boluses, and antiarrhythmics; Multimedia Appendix 2).
We found that the most important features for each treatment
type agreed well with clinical intuition. For instance, the most
important features for antimicrobial prediction related to
temperature, white blood cell counts, heart rate, and lactate
levels. The most important features for fluid bolus prediction
related to blood pressure, electrolytes, and heart rate. For
antiarrhythmic prediction, featuresrelated to heart rate were the
most important.

Asaresult, we would expect our models to perform best when
the most relevant patient attributes for a given treatment type
are contained within structured EHR data, such as vita signs
and laboratory values. This naturally motivates the fusion of
additional data sourcesfor such modelsin the future to enhance
their discriminative performance. Fusion methods, particularly
intermediate and late fusion approaches, have been shown to
improve predictive performance by integrating additional
modalities, such as imaging and clinical notes [46,47]. In
particular, mixture-of-experts frameworks show promise for
effectively handling multimodal data even when certain
modalities are missing [48]. More broadly, however, it may be
the case that certain conditions are easier to predict than others,
for instance, due to lower variability in patient presentation.
Even without additional input modalities, the models presented
here can be helpful sources of recommendations, especialy if
cliniciansareinformed about which treatment recommendations
are most accurate.

Predictive Performance by Model Type

We found that no single agorithm uniformly outperformed the
otherson all prediction tasks, and the rank-ordering of algorithm
performance varied across tasks. The absence of a universally
superior algorithm is consistent with recent literature comparing
baseline models (eg, LR) with gradient boosted trees (eg, XGB)
and deep learning approaches [49]. Broadly, however, XGB
showed the best individual model performance, with the highest
weighted AUROC across tasks and the best mean AUROC
ranking among individual algorithms. This also agrees with
recent literature demonstrating that boosted decision trees tend
to outperform other modeling approaches in prediction tasks
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for moderately sized tabular datasets [49-51]. Importantly,
however, all tested model s were the best-performing individual
model in at least 1 prediction type; XGB performed best on 5
tasks, LR performed best on 2 tasks, the single-label LSTMs
performed best on 2 tasks, and the multilabel LSTM performed
best on 1 task. Additionally, while discrimination was our
primary evaluation metric, model calibration isalso animportant
consideration for use in a medical recommendation setting, as
it measures whether predicted probabilities reflect observed
outcome frequencies [52]. This work evaluated the calibration
performance of the tested methods without applying any
corrective postprocessing techniques. XGB and LR both showed
good calibration, while the LSTM approaches were poorly
calibrated. We suspect that this is partially due to the use of
class weighting for the LSTMs on all tasks to reduce the
computational burden of hyperparameter tuning. Furthermore,
modern neural networks are known to exhibit poor calibration
[53]. Numerous methods are available to improve model
calibration via postprocessing, such as Platt scaling or isotonic
regression [53-55]. However, best practices for these techniques
rely on the use of additional held-out data, so model typeswith
better intrinsic calibration may be especially valuable in this
data-scarce setting.

Given the varied performance of the individual models, it was
not surprising to see that the stacking ensemble, which
incorporated weighted contributions from each individual mode,
tended to outperform the individual models. Specifically, the
ensemble had the best overall performance on 4 individual
prediction tasks, had the highest weighted AUROC acrosstasks,
and had a higher mean AUROC ranking across prediction tasks
when ranked alongside individual models. The ensemble also
tended to show the best calibration across the tested methods.
This performance is consistent with existing literature, which
has shown the benefits of ensemble approaches in medical
diagnostics [35]. However, we note that the AUROC
improvement of the ensemble over that of theindividual models
was typically modest. Therefore, clinician stakeholders will
need to assess whether the improved performance merits
additional implementation or explainability costs compared
with implementing a single model like XGB. Hyperparameter
tuning for the LSTM approaches, for instance, carried
significantly more computational burden compared with LR
and XGB. Furthermore, while we focused on establishing the
discriminative performance of the different methods, future
work will need to consider the misclassification costs associated
with each of the treatment types to guide such modeling
decisions.

Timing of Treatment Initiation

Thetiming of treatment initiation for chart-reviewed lifesaving
treatmentsvaried by treatment type. Wefocused on thefraction
of individuals receiving lifesaving treatment within 48 hours
before their elevated risk score, as these treatments are more
likely to be clinician responses to the deterioration event of
interest. For some interventions (eg, antimicrobials,
antiarrhythmics,  bronchodilators, and anticoagulants),
approximately 75% of patients received the corresponding
treatment before the elevated risk score. However, for other
interventions (eg, steroids, fluid boluses, transfusions, and
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vasoactive medications), fewer than half of the encounters had
their treatment initiated before the elevated risk score. As a
result, we expect that our models will offer different benefits
to some patients and conditions compared with others. For
instance, in some cases, the modelsreinforce clinician intuition
(ie, where treatment has aready been initiated), whereas in
others, they would prompt treatment initiation. Furthermore,
nearly al patients received the lifesaving treatment at some
point during their encounter, with slight variations by treatment
type. As noted previoudly, the early initiation of appropriate
treatmentsis associated with improved patient outcomes[7-11],
reinforcing the potential benefit of Al decision support toolsin
recommending lifesaving treatments.

Predictive Per for mance for Untreated Patients

We further assessed predictive performance for the subset of
test site patients who were not receiving each treatment type at
the time of the elevated risk score. A patient was included in
this untreated subset if they did not receive the noted treatment
within the 48 hours before the elevated risk score for the
deterioration event under study. We noted a small but
near-universal drop in AUROC across al gorithms and treatment
types, typically less than 0.05. The effect is more pronounced
for sometreatment typesthan others. There are several possible
explanations for this phenomenon. Cases with near-negligible
differences, such asvasoactive medications, arelikely explained
by near-identical study populations (ie, AUROC calculations
are performed on nearly the same population since very few
patients receive such a treatment). Beyond these cases, we
expect that some of the performance drop is explained by the
nature of this patient subset; by excluding patients who already
received treatment from clinicians, we are presumably left with
a cohort that is more difficult to correctly diagnose and treat.
Thus, we would expect the algorithms to perform worse when
evaluated specifically on this more challenging patient subset.
A further contributor to the drop in AUROC is likely the
presence of label |eakage through certain EHR measurements.
Because some treatments have clear markersin the EHR, once
initiated, it is possible for the modelsto use these quantitiesfor
shortcut learning [56]. Anticoagulants showed the largest drop
in performance between the overall and subset cohortsand serve
asaparticularly saient examplefor thiseffect; heparin treatment
impacts a patient’s partial thromboplastin time, which is one of
the measurements used by the models. If the trained model
learns to rely on the presence of treatment proxies to perform
prediction, the absence of this signal in the untreated cohort is
likely to result in poorer performance. Finally, we note that
steroid prediction showed a counterintuitive increase in
performance across all models when measured on the untreated
patient subset. SHAP analysis of relevant model features
cross-referenced with differences in these patient populations
did not suggest a clear explanation for this increase in
discriminative performance (Multimedia Appendix 2). We
suspect that thisisan artifact of steroids having the most severe
class imbalance, making random variation in positive cases
more pronounced than the other prediction tasks.

https://ai.jmir.org/2026/1/€81642
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Case Study of Anticoagulant Prediction

We highlight the prediction of anticoagulants to illustrate 2
important performance trends for the studied algorithms. First,
anticoagulant prediction was a task with noticeably better
performance by the multilabel LSTM compared with XGB.
While XGB tended to outperform the LSTM approaches in
general, here we see the potential value of time-series models
relative to non—time-series approaches for certain prediction
tasks. As LR and XGB are not fundamentally time-series
methods, these approaches required hand-crafted temporal
featuresto capture such information (eg, SD of a measurement
type over the previousday). SHAP analysis of the XGB model’s
test set predictions (MultimediaAppendix 2) suggested that the
3 most important covariates for anticoagulant prediction were
temporal summary statistics (in descending order): SD of heart
rate over the past 24 hours, slope of temperature measurements
over the past 24 hours, and SD of temperature measurements
over the past 24 hours. Furthermore, for the most important
feature, 24-hour SD of heart rate, higher valueswere associated
with the positive class, suggesting that these patients experienced
significant variation in heart rate measurements. Thus, it may
be that the better performance observed from the multilabel
LSTM owestoitsability to learn relevant patternsdirectly from
the time-series data for these measurements rather than relying
on less informative temporal summary statistics.

However, anticoagulants also highlight a possible pitfall of
using data-hungry, deep learning approaches in this relatively
low-data regime [57]; while the multilabel LSTM had the best
performance for thistreatment type, the single-label LSTM had
theworst performance. Direct consideration of time-series data
may alow higher capacity models to extract additional
information for prediction, but it may also lead to poorer
performance through overfitting, even with the types of
regularization used in the training of our models. This is
especialy relevant for the single-label LSTMs, where we
performed dedicated hyperparameter tuning for each prediction
task. To this end, we observed that single-label LSTMs tended
to outperform multilabel LSTMs for prediction tasks with less
classimbalance, and vice versa

Deployment Consider ations

While our primary focusin this study is to establish predictive
performance benchmarks for various ML approaches, we also
discuss several important points related to the real-world
deployment of these models. Foremost, we envision these
models providing suggestions to clinicians to enhance their
decision-making, rather than having decision-making authority
themselves. However, even in this recommender capacity,
several relevant implementation considerations follow.

The first consideration is the predictive performance of such
model swith respect to novel populationsand to subpopulations.
Whilethe results presented in this manuscript come from model
validation on an externa site, al 4 sitesincluded in this study
are regionally similar, academic health systems in the United
States. Further study will be required to evaluate model
predictive performancein other settings, such as community or
international hospitals, where varying degrees of data shift may
meaningfully impact performance [58]. Even in settings with
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significant data shifts, models like those trained in this
manuscript may provide a valuable foundation for transfer
learning using setting-specific data [59,60]. Furthermore,
additional study is needed to evaluate the performance of such
models on particular patient subpopul ations to assess concerns
related to algorithmic fairness [61,62].

Second, the prospective operation of these models relies on a
minimum level of in-hospital datainfrastructure, including the
real-time availability of structured EHR data and the ahility to
calculate the model scores [63]. While this infrastructure is
readily available in the academic medical centers described in
this manuscript, this may not be true in community or
international hospital settings. Furthermore, we briefly noted
how these recommendation models could be augmented to
include other measurement modalities, such as imaging or
clinical notes; these modalities are expected to improve model
performance but may not be available for real-time prediction
models in some hospitals, leading to wider differences in
performance between high- and low-resource hospital settings.

Third, much additional study is needed to evaluate the most
effectiveintegration of these treatment suggestionsinto clinical
workflows. While these models are naturally tied to the usage
of clinical deterioration early warning systems, such aseCART,
thereissignificant flexibility in how treatment recommendations
are actually delivered to clinicians (eg, the use of thresholding
vs probability scores, the integration into other rapid response
system elements, or thetemporal and visua manner of delivery).
Thefield of human factors provides aprincipled meansto design
effective clinical decision support system implementations in
close collaboration with relevant stakeholders [64-66]. These
efforts will be a critical component of future work in order to
address common problems with early-warning-type systems,
such as alarm fatigue and cognitive overload.

Finally, we briefly address broader ethical concernswith clinical
decision support systems in medical decision-making, such as
those related to misclassification and clinician reliance. An
important finding from this study was the difference in
predictive performance across treatment categories and model
types. One aspect of futurework will be ng false positive
and fal se negative costs associated with each treatment type to
inform tradeoffswhen presenting threshol d-based model scores.
As incorrect treatment initiation costs may vary significantly
across treatments, the level of clinically meaningful model
performanceis expected to differ by treatment type. Thesetypes
of considerations may motivate the use of more complex models
for certain treatment types but not others, evenif doing soincurs
greater certification costs or effort. With respect to clinician
reliance, we emphasize that such model s can never be expected
to be perfectly accurate and that, in this proposed framework,

Acknowledgments

Pulick et &

the clinician has ultimate responsibility for choosing whether
to initiate treatment.

Limitations

We emphasize and reiterate some limitations of our study. First,
our work does not show that a treatment recommendation
algorithm improves outcomes for patients, such as decreasing
treatment latency and time in the hospital. This needs to be
assessed through future prospective implementation studies to
determineif the use of our recommendation algorithmsimproves
patient care. We expect that prospective implementation efforts
will raise important human factors considerations (eg, trust
between a clinician and the clinical decision support) that we
do not address in this work. Next, while this is a large,
chart-reviewed dataset, it isstill relatively small compared with
datasets typically used to train medical ML models. Thisisan
especialy important consideration for the performance of the
deep learning (ie, LSTM) approaches, asthe dataset may betoo
small to fully leverage the additional signal present in each
encounter’s time series data. Furthermore, while we used a
multicenter dataset, the included sites are all regionally similar
health systems in the Midwest region of the United States;
additional siteswould be needed to assess how well theseresults
generalize to other health systems. Finally, our work focuses
primarily on the discriminative and calibration performance of
the tested models;, we do not address concrete tradeoffs for
initiation or incorrect initiation of the different treatment types.
We plan to incorporate these factors into future work, as they
help inform tradeoffs in modeling decisions and enable amore
complete evaluation of algorithm performance.

Conclusion

This work provides benchmark discrimination and calibration
performance for a variety of ML methods on a collection of
common treatment recommendation tasks. The difficulty of the
recommendation tasks was found to vary widely by treatment,
with mean model AUROCSs ranging from approximately 0.7
(eg, anticoagulants or vasoactives) to nearly 0.9 (eg,
antiarrhythmics). While no individual model uniformly
outperformed all other models across prediction tasks, XGB
had the best weighted discriminative performance across tasks
and exhibited well-calibrated predictions. An ensemble
combining both classical ML and time-series, deep learning
approaches tended to match or outperform the best-performing
individual model in each prediction task in both discrimination
and calibration. The observed performance suggests that such
ML tools may serve as valuable clinical decision support in
tandem with generalized early warning scores to improve the
timely and appropriate treatment of deteriorating general ward
patients.
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Abstract

Background: Patient education materials (PEMs) found online are often written at a complexity level too high for the average
reader, which can hinder understanding and informed decision-making. Large language models (LLMs) may offer a solution by
simplifying complex medical texts. To date, little is known about how well LLMs can handle simplification tasks for
German-language PEMs.

Objective: The study aims to investigate whether LLMs can increase the readability of German online medical texts to a
recommended level.

Methods: A sample of 60 German texts originating from online medical resources was compiled. To improve the readability
of these texts, four LLMs were selected and used for text simplification: ChatGPT-3.5, ChatGPT-40, Microsoft Copilot, and Le
Chat. Next, readability scores (Flesch reading ease [FRE] and Wiener Sachtextformel [4th Vienna Formula; WSTHF]) of the
original texts were computed and compared to the rephrased LLM versions. A Student t test for paired samples was used to test
the reduction of readability scores, ideally to or lower than the eighth grade level.

Results: Most of the original texts were rated as difficult to quite difficult (average WSTF 11.24, SD 1.29; FRE 35.92, SD 7.64).
On average, the LLMs achieved the following average scores. ChatGPT-3.5 (WSTF 9.96, SD 1.52; FRE 45.04, SD 8.62),
ChatGPT-40 (WSTF 10.6, SD 1.37; FRE 39.23, SD 7.45), Microsoft Copilot (WSTF 8.99, SD 1.10; FRE 49.0, SD 6.51), and
Le Chat (WSTF 11.71, SD 1.47; FRE 33.72, SD 8.58). ChatGPT-3.5, ChatGPT-40, and Microsoft Copilot showed a statistically
significant improvement in readability. However, the t tests yielded no statistically significant results for the reduction of scores
lower than the eighth grade level.

Conclusions: LLMs canimprove the readability of PEMsin German. This moderate improvement can support patients reading
PEMsonline. LLMs demonstrated their potential to make complex online medical text more accessible to a broader audience by
increasing readability. Thisisthefirst study to evaluate this for German online medical texts.

(IMIR Al 2026;5:€77149) doi:10.2196/77149

KEYWORDS
artificial intelligence; health information; large language models; patient education material; readability; Al; LLM

the need to improve the genera scientific and health literacy
[5-7].

However, Zowallaet al [3,8], Rooney et al [9], Yeung et al [5],
Gordejevaet al [10], and others have shown that the readability
of health information is often unsatisfactory regardless of its

Introduction

Overview

Inthedigital era, health information iswidely available [1] and
existsinmany different forms, for example, Wikipediaarticles,

health-related websites, |eaflets, and brochures [ 2], categorized
as patient education materials (PEM). Such materials support
medical laypersons in learning about diseases, diagnoses,
therapies, etc [3]. Health information should be easy to
understand for the general population and to promote health
literacy [4]. Inthis context, the COV1D-19 pandemic confirmed

https://ai.jmir.org/2026/1/€77149

source (online material, booklets), authors (official bodies and
institutions, individuals), or language. Many of these resources
pose a challenge due to their sentence complexity and use of
expert language, making it difficult for laypersonsto effectively
read and understand such material.
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Artificial intelligence (Al) offers potential for substantial
improvements in health care applications and is becoming
omnipresent in recent years [11]. In particular, large language
models (LLMs) represent promising opportunities [12,13]. In
this context, LLMs can be leveraged to improve the readability
of existing PEMs intended for citizens.

Being easily accessible for everyone [14], citizens and patients
alike will use them to seek health information online, answers
to specific questions, or even therapy advice similar to Internet
search engines [15].

For these reasons, citizenswill use LLMsto translate complex
medical terminology and to simplify text material, aiming for
animproved comprehensibility [16,17]. Moreover, anincreased
integration of Al in the curation of health information offers
several benefits [18] for institutions, primarily time and cost
savings.

Prior Work

Thereis a decade-long research tradition about how to use and
implement decision support systems, machine learning, and Al
solutions in health care. Since 2023, with the widespread
availability of LLMs [19], those technologies have been
explored for beneficial health care use cases [15] in several
medical domains [20-28].

Researchersinvestigated how publicly available LLMsinterfere
with patients’ information seeking behavior. Eng et a [29]
entered questions about rotator cuff repair surgery in
ChatGPT-3.5 and let 2 orthopedi ¢ surgeons analyze the answers.
The questions were derived from frequently asked questions
(FAQs) sites from various patient information websites. The
answers by the LLM were evaluated in terms of readability
(Flesch-Kincaid grade level); the Journal of the American
Medical Association Benchmark criteria and the DISCERN
score [30] were also used to evaluate reliability and the quality
of health information on the internet. The average readability
level of the generated answers was equal to a college freshman
(Flesch-Kincaid grade of 13.4).

Similar work was conducted by Mika et a [31] who fed
ChatGPT with “ten frequently asked questions regarding total
hip arthroplasty.” They found that the generated answers were
fairly accurate and would be easily understood by patients.
Another commonly used readability metricisthe Flesch reading
ease (FRE) score, which ranges from 0 to 100; lower values
indicate alow level of readability, that is, it is difficult to read
the text.

Li etal [32] let ChatGPT process 400 English radiology reports
(themean length of wordswas 164, SD 117). The FRE improved
from “38.0£11.8" to “83.5+5.6".

Similar results were reported by Moons et a [33] who used
ChatGPT and Google Bard to reformulate 3 “selected patient
information sectionsfrom scientific journals” Google Bard was
able to reduce the reading level of the texts to that of sixth
graders. However, thiswas achieved by omission of “significant
information” [33].

In an analysis of PEM for bariatric surgery, ChatGPT (version
3.5and 4) and Google Bard were able to improve the readability
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levels of 66 frequently asked questions pages of US-based
hospitals. The mean FRE scores of the original textswere“48.1
(SD 19.0), which corresponded to “ difficult to read,’ whileinitial
responses from GPT-3.5, GPT-4.0 and Bard achieved mean
scores of 31.4 (SD 11.4), 42.7 (SD 9.7), and 56.3 (SD 11.6),
which corresponded to * difficult to read,’ ‘ difficult to read, and
‘fairly difficult to read, respectively” [34]. The authors aso
evaluated the accuracy of the simplified texts. The mgjority of
the LLM responseswere equal in accuracy to the original texts,
but quality varies among LLMs. Srinivasan et al [34] stressthe
“importance of evaluating both the readability and quality” of
rephrased texts for patient information.

Thisis aso in line with the conclusion by Pal et al [35], who
recommend training more specialized LLMs for tasks in the
medical domain. They propose that this will add credit and
reliability to the answers produced by LLMs in the clinical
Setting.

Focusing on non-English evaluations, some research was
published for expert-centric scenarios: amultilingual benchmark
set for answering medical exam questions was developed by
the “MedExpQA” study [36]. This contains standardized
answers from health experts. To assess the accuracy of medical
questions, the study anayzed LLMs with and without
retrieval-augmented generation methods. It was found that the
modelsin French, Italian, and Spanish were inferior to thosein
English. In addition, difficulties such asthe tendency to generate
incorrect answers and the use of outdated information were
identified.

Heilmeyer et a [18] focused on German medical text: they
“assessed the feasibility of using nonproprietary LLMs of the
GPT variety as writing assistance for medical professionas.”
Pretrained LLMs were trained on electronic health records of
more than 82,000 patient encounters in a German outpatient
clinic. Al tools proved to be “helpful writing assistance” for
medical experts and patient reports.

As of today, no readability evaluation has been conducted for
LLM-rephrased German health texts from the citizens
perspective. By citizens perspective, this study refers to
evaluating LL M-rephrased health texts asthey would have been
experienced by an average layperson without specialized
knowledge or expertise in prompt engineering. This approach
reflected the realistic scenario of laypersons seeking health
information online, using freely accessible tools without
systematically optimizing prompts or using application
programming interfaces (APIs) totune LLM model parameters.

Aimsof the Study

The aim of the study is to investigate, from a layperson’s
perspective, whether LLMs can simplify and increase the
readability of German online medical texts to a recommended
level of readability, that is, the eighth grade [37,38].

In this context, 3 specific aims were defined as:

1. Rephrase German medical texts with LLMSs,

2. Compute their readability, and

3. Evauateif the Al-rephrased texts showed a higher level of
readability.
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Methods

Medical Text Corpus

Previous research and a prior sample size calculation (see
Satistical Analysis) indicated that the desired reduction in
Wiener Sachtextformel (4th Vienna Formula) (WSTF) scoreto
meet the recommended grade level could be shown with arather
small sample (n<10). Therefore, a medical text corpus was
compiled to represent high prevalence diseases, for example,
cancer and diabetes mellitus, and major public health topics,
for example, vaccinations, as well as national bodies and
institutions such as the national health portals of Germany and
Austria or popular online health websites.

For afull list of included content providers and websites, see
Multimedia Appendix 1.

First, all 60 websites were visited with a Chrome web browser.
Next, the corresponding texts were manually extracted without
any HTML-related markup. The 60 plain text of the resulting
corpus files were then used for further processing.

Readability Analysis

Theterm readability “refersto the properties of writtentext|...]
it reflects the (1) complexity of atext’s structure, (2) sentence
structure, and (3) chosen vocabulary” [10]. For the German
language, 2 well-known readability metrics are established: (1)

Miftaroski et a

an adapted version of the (original English) FRE [39] for the
German language by Amstad [40] and (2) the WSTF by
Bamberger and Vanecek [41]. Both metrics use text parameters
like average sentence length and average number of syllables
per word.

The FRE score ranges from 0 to 100; lower values indicate a
low level of readability, that is, it is difficult to read the text.
The WSTF metric ranges from 4 to 15, which roughly
corresponds to school grades. For instance, if a text scores a
valueof 10, at least 10 yearsin school are necessary for readers
to understand this text.

For the readability computations of all texts and to address
research aim (2), the analysis framework by Wiesner et a [42]
was used. The analysiswas conducted on a Windows 10 64-bit
computer with Java Runtime Environment (version 18; Oracle
Corporation).

Selection of Large Language Models

A scoping review of well-known code platforms such as GitHub
[43] or Hugging Face [44] was conducted to search for available
LLMs. In addition, online literature databases such as the
Association of Computing Machinery Digital Library and
Ingtitute of Electrical and Electronics Engineers Explore were
searched to scan publicationsthat already used LLMs (see Table
1).

Table. Overview of various large language models available as of April 2024.

Name Year Domain Developer Availability Open source Freeto use Language
ChatGPT 3.5 2022 Generad OpenAl Web No Yes EN2
[49]
GPT4 [45] 2023 Genera OpenAl Web No No EN
Google Gemini 2023 Genera Google Web No Yes EN
[46]
BERT [47] 2018 Genera Google Loca Yes Yes EN
Llama 2 [48] 2023 Genera Meta Local Yes Yes EN
Claude 2 [49] 2023 Genera Anthropic WebandLoca  No Yes EN
T5[50] 2019 Genera Google Local Yes Yes EN
BLOOM [51] 2022 Genera Big Science Loca Yes Yes EN
Microsoft Copi- 2021 Genera Microsoft Web No Yes EN
lot [52]
Facon LLM 2023 Genera Technology Inno-  Local Yes Yes EN
[53] vation I nstitute
Le Chat [54] 2024 Genera Mistral Al Web No Yes EN
Pho™nix [55] 2023 Genera MatthiasUhlig  Loca Yes Yes GER®
LeoLM 7b/13b 2023 Genera LAION and WebandLocal  Yes Yes GER
[56] HessianAl
MedAlpaca[57] 2023 Medical TianyuHaneta Loca Yes Yes EN
BioMedLM [58] 2024 Biomedical Stanford CRFM L ocal Yes Yes EN
%EN: English.
bGER: German.
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Some important aspects and criteria influenced the final
selection: The language of the LLM—preferably a
German-trained model should be used—as well as the specific
field or domain of the LLM (general or medical domain).

Some LLMs can only be executed locally, while some can be
used viaaweb front end. Thelatter would be preferable because
inour use case, LLMsshould be used by laypeople, who do not
have the hardware capabilities at their homes nor the technical
knowledgeto host and operate LLMs. Preferably, the use of the
LLM should be free of charge and open to use, that is, not in a
beta test phase or only available for persons with a technical
background (ie, programming skills).

Of 15 candidate LLMs, only 3 met the previously outlined
criteria and were selected: (1) ChatGPT 3.5, (2) Microsoft
Copilot, and (3) Le Chat. In May 2024 (after the LLM scoping
review phase), OpenAl presented and launched their new
release: GPT-40. The authors decided to include this model as
well. LeoLM (13b) wasiinitially considered but later excluded
due to frequent inaccuracies, very short or context-inadequate
outputs, occasional language mismatches (answer in English
instead of German), and overall unreliability in handling the
text material.

Accuracy of Rephrased Health Information Texts

The answers generated by each LLM were independently
assessed by 3 reviewers (AM, RZ, MP) with a background in
medical informatics. Assessments focused on the medical
accuracy, clarity, and plausibility of the information provided,
ensuring that each response was evaluated not only for linguistic
quality but also for its aignment with established medical
knowledge and standards. Interrater agreement was measured
by calculating Fleiss k and percent agreement.

Prompt Engineering

Prompt engineering refers to the process of designing and
optimizing the input prompts for any LLM. The structure and
content of a prompt can greatly influence the quality of the

output generated by the LLM. Today, some techniques have
evolved to obtain better results by LLMs:

«  Few-shot prompting provides examples within a prompt to
clarify instructions [59]. This approach improves the
model’s ability to interpret and respond accurately to the
task, as the examples provided serve to establish patterns
and context. Theterm ‘few’ indicatesthat alimited number
of examples are provided as opposed to zero-shot
prompting, where no examples are given.

«  Chain of thought prompting breaks down complex tasks
into steps within a prompt [60]. This approach mimics
human problem solving, guiding the LLM through
structured reasoning to generate more accurate responses,
especially for tasksthat require multiplelevels of reasoning.

« Clue and reasoning prompting introduces a structured
reasoning approach [61]. Unlike the other methods, clue
and reasoning prompting targets complex linguistic features
(eg, irony, contrast, and intensification) and involves 2
stages: the LLM (1) identifies clues within the input (eg,
keywords, tone, and references) and (2) uses these cluesto
perform a reasoning process. This step-by-step approach
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aims to fill gaps in the LLM’s reasoning capabilities,
enabling it to deal more effectively with complex linguistic
variations.

For the average person seeking health information online,
advanced prompting techniques may be too complex to apply.
These techniques require understanding how to structure input
for LLMs. Few-shot prompting, for instance, involves providing
exampleswithin aprompt, requiring usersto explain their needs
clearly for effective interpretation. Most people would find
designing such promptsdifficult and time-consuming, especially
when simply needing help understanding the provided health
information.

For thisreason, the authors decided to use azero-shot prompting
approach. Therefore, an extensive role-prompt approach was
evaluated with a subset of the medical text corpus (6 - 12 texts)
and the 3 web-based LLMs. This prompt contained context
information and provided a detailed task description for the
LLM. However, using this prompt, the results readability
decreased.

I, a person with no specialist medical knowledge,
would like to understand as simply as possible how
a stroke istreated by medical staff. | have read a text
from gesund.bund.de, which | did not understand
because of the medical terminology. Your task as Al
ChatBot is to rewrite the following text so that | can
understand it completely at the end. Here is the text:
{TEXT}

Iteratively, other approaches were tested, eg, English prompt
versus German prompt, or prompts with specific instructions
to fine-tune agiven readability score. Finally, areduced German
role prompt yielded the best results:

A person with no medical knowledge wants to
understand a text. You, as a large language model,
must simplify the following text for this person using
simple language without reducing the content. Here
isthetext: {TEXT}

Every text and every LLM wasinput with this prompt, combined
with the actual medical text. Dueto the limit of 4000 characters
for Microsoft Copilot, the texts were split, and several requests
were made. Eventually, atotal of 240 LLM conversations were
conducted between May and July 2024.

Statistical Analysis

Readability scores for the origina and rephrased texts are
presented as mean and SD. Student t test for paired samples
was used to test the reduction of readability scores prior to and
after the rephrasing. Prior research of German medical texts
[3,10,42] yielded a mean readability of 12.46 (SD 1.84) for the
WSTF. This means areduction of 4.5 grade levelswould result
in the recommended reading level of 8, that is, a score <8.0.
Given these parameters, a sample size of 4 would be needed to
show such an improvement with an alpha error of 0.05
(adjustment for multiple testing according to the
Holm-Bonferroni method [62]) and a power of 95%. Sample
size was calculated with G* Power 3.1 [63].
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After the analysis of the text corpus readability scores, the
average readability was calculated as WSTF 11.24 (SD 1.29);
FRE 35.92 (SD 7.64). Thus, only areduction of 3.5 gradelevels
(for WSTF) would be needed. For the FRE metric, an increase
of 25 score pointsisneeded for an eighth grade readability level,
that is, a FRE score between 60 and 70.

The hypotheses were formulated as follows:

HWSTH[O:porig-uLLM<3.5
HWSTF|1:uorig-uLLM>3.5
The tests for the FRE metrics were constructed in a similar
manner;
HFREIO: pLLM-porig<25
HFRE|1:uLLM-porig>25
In addition, to show if LLMs improved the readability at all,

paired t tests were conducted. The tests were constructed as
follows:

https://ai.jmir.org/2026/1/€77149
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HWSTF|O: poriguLLM
HWSTF|1: porig>uLLM
For the FRE metrics, the hypotheses were:
HFREJ|O: pLLM<porig
HFRE|1: uLLM>porig

Results

Readability of the Original Health Infor mation Texts

Most of the original textswererated asdifficult to quite difficult
(average WSTF score 11.24 (SD 1.29), FRE 35.92 (SD 7.64));
this corresponds to 12 years of schooling. The W39 website
had the most difficult text (WSTF 13.97, FRE 16.74) to read;
the W7 website had the text with the best readability (WSTF
8.70, FRE 51.02). Only 2 websites achieved a grade level of 8
(W7, W9). Table 2 presents the calculated WSTF and FRE
scoresfor the original health information textswith their means
and SD.
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Table. Computed readability scores and number of words for 60 medical information texts.

Website WSTF2P FRESd Number of words®
W1 9.36 43.93 950
w2 10.63 41.92 1021
W3 10.70 44.26 1007
w4 9.83 41.46 784
W5 10.80 36.40 1909
W6 11.01 41.23 1131
W7 8.70 51.02 907
w8 10.84 34.30 1017
W9 8.90 47.80 1279
W10 10.65 38.82 1434
W11 10.01 43.06 898
w12 12.00 28.65 1214
W13 11.68 3191 780
w14 10.77 43.18 597
W15 12.28 33.36 1205
W16 9.35 46.21 661
W17 10.32 41.83 780
w18 10.30 44.75 832
W19 10.85 39.14 1321
w20 11.96 29.32 839
W21 11.36 34.43 4225
w22 1111 34.62 2999
W23 11.93 29.02 114
w24 11.43 34.48 2192
W25 11.55 38.69 1058
W26 9.65 45.50 660
W27 10.93 38.60 425
w28 11.35 29.45 706
W29 11.27 27.70 648
W30 11.85 27.67 562
W31 9.27 46.62 1266
W32 9.17 46.23 2657
W33 10.33 43.09 1306
w34 11.50 35.65 760
W35 9.20 46.04 2672
W36 10.82 36.20 1472
W37 9.57 44.36 1370
W38 11.60 32.86 1173
W39 13.97 16.74 1343
w40 11.90 30.39 1948
W41 11.13 36.13 1678
w42 11.08 37.84 3960
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Website WSTF2P FRESA Number of words®
w43 11.35 40.01 794
wa4 10.97 37.84 2232
w45 11.87 30.18 1236
W46 13.36 21.97 1527
w47 12.49 27.99 2072
w48 13.66 24.65 2063
w49 12.01 32.93 1117
W50 13.86 22.18 1838
W51 11.62 37.14 762
W52 12.58 31.80 1642
W53 10.22 40.70 516
W54 14.28 19.45 1199
W55 13.88 22.92 1197
W56 12.69 30.66 3383
W57 12.02 32.44 2541
W58 11.41 39.02 746
W59 10.90 36.29 1530
W60 12.03 31.86 2411

3WSTF: Wiener Sachtextformel (4th Vienna Formula).

BWSTF mean 11.24 (SD 1.29).
°FRE: Flesch reading ease.
9FRE mean 35.92 (SD 7.64).

ENumber of words, mean 1409 (SD 840).

Readability of the Rephrased Health I nfor mation Texts

Overall, the texts rephrased by the LLMs show an improved
readability compared to the original texts. However, the degree
of the readability improvements varies greatly.
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ChatGPT-3.5 had, on average, a score of 9.96 (SD 1.52) for
WSTF, ChatGPT-40 had a mean score of 10.6 (SD 1.37),
Microsoft Copilot had a mean score of 8.99 (SD 1.10), and Le
Chat had a mean score of 11.7 (SD 1.47). Microsoft Copilot
achieved the best readability values compared to the other LLMs
(see Table 3).
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Table. Computed readability scores and number of words with mean readability score and SDs, and average differences of original and large language
model texts.

ChatGPT-3.5 ChatGPT-40 Microsoft Copilot Le Chat
Website  \wsTF2  FREP Words WSTF FRE Words WSTF FRE Words WSTF FRE Words

w1 9.81 46.17 242 10.25 39.87 496 8.35 51.72 845 10.13 39.35 446
w2 8.38 56.14 286 9.72 43.59 281 8.72 55.38 710 11.27 40.76 798
W3 10.85 41.58 305 11.36 34.35 501 8.60 53.71 817 12.56 34.88 471
w4 9.52 41.80 364 11.78 35.22 370 7.69¢ 54.29 610 11.15 36.23 456
W5 9.59 43.00 189 13.17 23.16 273 8.45 49.52 1541 11.84 31.16 914
W6 10.63 45.58 182 12,51 29.02 368 9.27 52.57 841 12.06 36.92 518
w7 8.60 47.11 310 11.97 31.22 565 6.78 60.42 746 8.60 51.02 540
w8 11.50 31.89 247 10.94 35.65 548 9.51 39.05 839 10.75 33.19 898
W9 7.01 55.54 392 11.45 31.89 368 7.50 54.58 905 9.09 46.91 884
W10 9.46 45.68 375 11.10 36.70 404 8.10 54.06 1272 12.59 26.46 502
w11 10.97 38.87 246 12.41 32.79 289 7.80 57.70 711 13.62 25.75 359
w12 10.01 44.82 278 9.89 44.55 371 10.50 36.75 861 11.08 36.80 385
w13 11.04 39.63 281 9.93 42.85 316 7.49 60.94 529 12.85 2751 588
w14 11.58 42.30 195 11.04 4211 425 8.42 55.94 519 13.13 33.64 433
w15 11.98 38.45 422 1151 30.80 335 11.16 42.22 1107 13.55 26.82 476
W16 7.90 56.36 240 10.24 43.86 403 7.58 54.60 518 9.74 47.35 304
w17 10.79 40.32 244 13.18 28.21 414 7.48 53.50 462 10.43 41.20 425
w18 6.86 60.56 328 12.98 29.82 425 8.93 52.24 670 11.42 40.27 694
W19 9.74 46.16 402 11.32 34.63 357 10.18 45.15 987 10.99 39.99 381
W20 10.15 34.17 179 10.23 41.84 371 9.99 41.26 658 11.93 26.95 483
w21 8.64 50.26 569 11.10 34.63 501 11.10 36.22 5170 11.67 33.53 635
w22 10.36 43.12 207 9.90 45.81 485 9.47 44.02 2140 11.67 30.06 358
w23 9.64 43.23 113 10.29 41.88 522 9.31 44.30 171 10.31 36.48 140
w24 13.17 2191 614 10.28 40.50 527 10.27 40.57 1619 1351 19.93 603
W25 10.07 50.33 304 9.87 43.50 488 8.97 51.33 633 11.07 41.37 408
W26 7.98 56.19 225 7.86 50.00 298 7.68 57.58 460 10.26 45.04 443
w27 8.76 49.90 336 8.84 41.82 342 7.04 58.11 388 9.66 45.03 370
w28 11.32 31.90 268 11.32 31.76 562 9.58 4331 515 12.69 25.02 350
W29 12.08 27.99 211 11.28 36.53 462 9.35 44.20 456 12.55 2217 356
W30 11.43 27.47 278 8.09 56.10 467 11.04 34.28 392 11.24 27.05 328
W31 10.45 39.31 305 8.79 46.06 446 8.29 53.77 1067 1111 36.72 406
w32 7.94 55.03 248 9.19 40.50 694 8.13 52.45 1486 9.70 43.85 1543
W33 8.64 50.99 307 10.71 4453 366 7.93 53.66 775 12.79 35.38 344
w34 9.20 48.86 202 10.06 46.79 455 9.45 49.53 743 13.17 36.34 199
W35 8.45 49.27 191 9.99 39.92 472 8.20 51.35 2175 1112 37.73 1812
W36 7.45 58.25 266 6.69 59.17 388 841 50.82 899 9.77 43.78 351
W37 10.27 46.75 222 9.91 41.15 501 8.04 54.91 1002 11.28 39.32 621
w38 11.02 35.77 207 11.59 36.28 584 10.02 42.72 797 12.54 27.26 343
W39 11.44 38.79 269 7.86 54.24 550 9.84 45.85 805 13.95 19.90 331
W40 10.62 35.43 332 9.58 42.17 409 9.71 40.90 1104 14.88 11.25 221
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ChatGPT-3.5 ChatGPT-40 Microsoft Copilot Le Chat
w41l 10.51 44.05 266 7.62 54.26 356 9.32 48.02 954 11.10 34.85 1022
w42 11.07 44.53 458 9.35 45.18 155 9.04 53.37 2291 11.35 37.16 2792
W43 10.61 43.49 353 7.74 55.85 335 8.78 53.93 625 12.40 34.65 378
w44 7.92 55.98 222 9.62 39.96 339 8.09 53.08 1405 14.43 16.29 365
W45 8.71 48.01 259 10.31 36.58 391 9.02 47.50 749 9.19 46.47 677
W46 10.94 29.05 214 10.72 35.64 350 11.52 37.48 1260 13.62 20.52 610
w47 9.82 47.68 314 11.44 3351 436 8.46 52.97 1454 12.09 34.95 428
w48 9.44 42.08 240 10.15 42.42 385 9.34 50.15 1454 13.98 19.24 485
W49 6.34 61.81 210 9.54 51.02 450 9.28 4554 744 11.16 35.22 662
W50 11.44 36.95 180 9.94 42.40 604 10.54 3941 1294 11.28 36.13 474
W51 10.76 39.57 239 9.73 46.80 442 9.82 45.89 564 11.28 37.34 540
W52 8.66 52.05 253 11.07 39.83 418 10.68 40.98 110 14.48 24.01 387
W53 6.58 57.13 166 10.09 42.20 380 7.69 55.60 334 9.68 43.02 287
w54 9.87 47.54 224 8.67 51.23 333 9.65 46.25 2380 12.66 29.66 494
W55 7.92 52.57 261 9.88 36.97 382 9.84 45.22 867 14.37 18.19 582
W56 11.05 43.55 261 10.36 44.53 414 9.46 46.08 1770 11.45 38.48 797
W57 8.32 50.94 304 10.47 39.10 402 8.74 51.63 899 10.95 31.65 291
W58 7.89 56.28 340 10.70 41.63 491 8.01 58.11 566 10.83 40.04 348
W59 8.08 47.49 277 11.75 36.88 539 8.29 48.90 1085 10.81 33.20 733
W60 10.33 44.92 294 9.22 49.62 388 9.76 44.55 1659 11.69 31.57 742
Mean 9.96 45.04 278 (88) 10.60 39.23 749 (94) 8.99 49.00 1040 11.71 33.72 570
(SD) (152) (862 (137)  (7.45) (110)  (651) (743 (147)  (858)  (406)
DIFF 154 9.13 _f 0.93 4.94 — 224 13.09 — -0.47 -2.20 —
O (1.68)  (8.90) (206)  (11.79) (098)  (5.88) (1.33)  (7.15)

AWSTF: Wiener Sachtextformel (4th Vienna Formula).

bFRE: Flesch reading ease.

Cltalic font denotes that the target readability (WSTF<8, FRE=60) was reached.
IDIFF: difference.

®DIFF_SD: SD difference.

"Not applicable.

Microsoft Copilot achieved the highest average score of 49.0 (SD 1.68), 0.93 (SD 2.06), and 2.24 (SD 0.98) grade levels,
(SD 6.51) on the readability metric FRE, while Le Chat came  respectively, for the WSTF.

ot with 33,72 (S0 28\)/\}52?((32%3§’Dge;%alv‘jgrfje§sv‘o’r'$Ihé ChatGPT-3.5 reached the desired class level of eighth grade for
age, : ' 20 texts; Microsoft Copilot reached this level for half of the

géc;ﬁoxocrgg It?&tgs?ﬂlerlé;dtﬁaﬁrglgrlit?ﬁ;ln toit\;vords (109, texs (see Table 3 and Figure 1). Notably, the newer
9 ' ChatGPT-40 achieved thisfor only 5 texts.

The ChatGPT-based models (ChatGPT-3.5, ChatGPT-40, and
Microsoft Copilot) achieved an average improvement of 1.54
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Figure 1. Distribution of calculated WSTF scores for GPT-3.5, GPT-40, Microsoft Copilot, and Le Chat. The fifth column shows the distribution of
the readability scores of the original texts. The dashed lineindicates the recommended readability score of 8. WSTF: Wiener Sachtextformel (4th Vienna
Formula).
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Le Chat did not reach the eighth grade (or lower) for any text. The FRE scores of the rephrased texts improved for GPT-3.5,
By contrast, the average difference of —0.47 indicates that this GPT-40, and Microsoft Copilot by 9.13, 4.94, and 13.09,
LLM tends to decrease the readability. Thiswas also reflected  respectively (see Table 3 and Figure 2). However, the readability
inthe statistical tests. For both the WSTF and FRE metrics, the  of most of the texts was still low, that is, scores below 60.
hypotheses that the mean readability improved (HWSTF|1 and

HFRE|1) could not be accepted.

Figure 2. Distribution of calculated FRE scores for GPT-3.5, GPT-40, Microsoft Copilot, and Le Chat. The fifth column shows the distribution of the
readability scores of the original texts. The dashed line indicates the recommended readability score of 60. FRE: Flesch reading ease.
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On average, Le Chat’s texts were 2.2 scores inferior to the hypotheses could not be accepted. However, except for the Le
original texts, in line with the evaluation of the WSTF metric.  Chat model, it could be shown that the mean readability was
improved significantly, that is, the alternative hypotheses could

Thefindings described above are al so reflected in the results of be accepted. In a nutshell, three out of four LLMs achieved a

the statistical tests: None of the tests for an improvement to the
eighth gradelevel yielded asignificant result, that is, alternative
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statistically significant readability improvement, yet it was not
high enough to have reached the eighth grade level.

Accuracy of the Rephrased Health I nformation Texts

All LLM answerswere screened independently by 3 reviewers.
Fleissk was 0.264, and the percent agreement was 54.6%. This
relatively low agreement reflects the difficulty of evaluating
medical content without deep domain-level expertise; idedly,
assessments would involve medical doctors, and the reliability
of the evaluation isfurther complicated by uncertainty regarding
the correctness of the original websites.

Although not asystematic assessment, several obvious mistakes
and LLM hallucinations were discovered: Microsoft Copilot
shortened theinformation about endometrial cancer (W29) into
“endometrial cancer isthe most common cancer among women
in Germany” (al thefollowing examplesaretranslated versions
of the original German health information texts and rephrased
LLM answers). From an epidemiological perspective, thisclaim
is incorrect, with breast cancer being the most prevalent type
of cancer among women, constituting a nonnegligible change
of meaning in the rephrased text.

Theoriginal text about myocarditis (W49) included the sentence:
“Myocarditis is also considered to be an important cause of
sudden cardiac death in athletes” which is difficult to
understand for readers and may |ead to misinterpretations. This
kind of sudden cardiac death occurs during exercise, training,
or during a match. This information that is not given in the
sentence may just beindicated by using theword “athlete.” The
rephrased sentence also bears this ambiguity and does even
increase it: “When athletes suddenly die, it is often due to
inflammation of the heart muscle” The ‘context’ of sudden
death is omitted.

Missing context is also noticed if verbatim speech and
statements by medical experts were included in the original
texts. The selected LLMs reduced these statements into plain
text, thereby omitting the source of the information. For
example, the article about myocarditis (W49) included an expert
statement as follows: “You should always go to the doctor if
you notice symptoms that you are not aware of, says Dr. Milan
Dinic, a cardiologist in private practice from Munich.”
“Particularly in women, any new complaint between the tip of
the nose and the navel is usually heart related. You should
therefore definitely think about your heart.”

ChatGPT-3.5 rephrased thisto “ You should always see adoctor
if you notice any new symptoms. In women in particular, many
symptoms can indicate heart disease.”

Discussion

Principal Results

The original medical texts extracted from health information
websites are, on average, difficult (for the FRE metric) or fairly
difficult (for the WSTF) to read. This means that the original
texts use complicated sentence structures and/or complex
specialist terminology. Our study showed that LLMs can help
improve the readability, especially for the models ChatGPT-3.5
and Microsoft Copilot.
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ChatGPT-3.5 and Microsoft Copilot were able to reduce text.
However, the accuracy of the content must be checked by
medical experts to make sure that no ambiguous or false
statements were introduced. It is well known that LLMs tend
to hallucinate [36,64] or “escalate the minor biases that could
occur in the data bank with which it gets trained” [35].
Nevertheless, the authors postulate that the process of
“fact-checking” an automatically generated text is more time
efficient than manually rewriting medical texts for laypersons.
Specialized LLMsor LLMs fine-tuned for medical texts could
also be a possible solution to increase the correctness and
reliability of generated outputs [35] and thus make this text
generation process even more time- and cost-efficient.

The authorsfound that LLMsmoderately increased readability.
Thisisinlinewith theresearch by Li [32]. For radiology reports,
ChatGPT 3 producestextsthat improved the FRE by 45.5 points.

In our analyses, the FRE improvements were 9.13
(ChatGPT-3.5), 4.94 (ChatGPT-40), and 13.09 (Microsoft
Copilot). Thismight indicate that the rephrasing of textsworks
better for texts originally written in English. In addition,
Srinivasan et a [34] report FRE improvementsin asimilar range
for GPT-3.5 (16.07) and for GPT-40 (5.4).

Limitations

As the aims of the study were to reflect the experience of an
average layperson seeking health information online, no
advanced prompt optimization techniques were investigated.
While more robust prompts might yield different results, the
authors consider it unlikely that nonexpert users would engage
in systematic prompt tuning. In addition, reproducibility is
hindered by the fact that laypersons won't experiment with
LLM model parameters such astemperature. Moreover, tuning
model parameters over the chat interfaces isn't possible in all
cases and requires APl access. In this context, the authors
assume that a high fraction of laypersons do not have the
necessary technical background to experiment with LLM APIs
and related programming languages.

Additionally, the exact model version of the LLMsused in this
study are no longer publicly available. Hence, as in most
LLM-based studies, both the selected LLMs and the examined
website texts are snapshotsin time. The LLM field isevolving
rapidly, and reproducibility of the resultsis difficult.

Another aspect is that the texts taken from the websites may
also change over time. The appearance and formatting of the
individual web pages were deliberately not considered in this
work: Only raw text material was extracted. However, aesthetic
and design features or educational multimedia can influence
the understandability of information material.

No dedicated German LLM was used in this study. It would be
interesting to replicate this study with a fine-tuned German
LLM. In 2024, the LLM community has a strong focus on
English training data and models, and the performanceis|ower
for other languages[36]. Heilmeyer et al [ 18] noted that specific,
on-premisetrained German models performed better. However,
typica patients or citizens seeking health information will
neither have thetechnical skillsor knowledge nor the specialized
hardware available to do this on their own.
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The systematic eval uation of the (medical) accuracy of rephrased
PEM swas beyond the study’s scope, but future interdisciplinary
research involving medical experts could addressthis. Moreover,
afollow-up study could more deeply investigate the readability
and correctness from a technical point of view by using APIs
instead of relying on publicly available chat interfaces. In this
context, more recent LLMs could be benchmarked with the
same quality-controlled set of text material in an end-to-end
evaluation pipeline.

Comparison With Prior Work

If LLMs were used to answer patient-centric questions about
hip arthroplasty, Mika et a [31] report that patients would be
able to understand them. However, they do not calculate a
readability metric for the given answers and instead rely on a
“Response Rating System.” In contrast, Eng et a [29] results
confirm the low readability of answers for patient-centric
questions.

Compared to theworks by [29,31,32,34,65], this study covered
abroader spectrum of medical domains. Cancer, cardiovascular
conditions, public health topics, etc.

Similar improvements in terms of readability were found by
Ovelman et a [66]: They used Claude 2 LLM to create plain
language summaries of 10 evidencereviews. The covered topics
range from vaccines, prehospital airway management, and
malnutrition in hospitalized adultsto breast irradiation for breast
cancer. For half of their texts, the recommended sixth to eighth
grade reading level was met by the generated summaries.

Lyu et a [65] did not measure the quality of the rephrased
reports with readability scores but let them be evaluated by
experts. In addition, they found that the effect of prompt
engineering was not considered high: “All of the five
further-modified promptswere found to produce results similar
to those of the original prompt and far worse than those of the
optimized prompt”.

Miftaroski et a

This study differs from the previously presented evaluations.
Here, only German health information texts were rephrased by
LLMsand their readability evaluated.

Innovation

Citizens and patients have been using the Internet for health
information seeking for almost two decades. Today, they
increasingly consult LLMsin everyday situations. for answers
to specific medical questions or for explanations of complex
medical texts. This study investigates whether and how LLMs
improve the readability of German online medical texts. To the
authors' knowledge, this is the first evaluation of readability
metrics for German LLM-rephrased text and original medical
text.

Shifting from the perspective of citizens and patients to health
professionals or institutions: The use of an LLM could be a
time-saving and cost-effectivetool to fine-tunetheir information
leaflets, online texts, etc to meet different information needs.
The study showed that LLMs are already able to moderately
improve readability.

Conclusions

The use of LLMs can improve the readability of PEMs in the
German language but requires careful expert review to ensure
accuracy and completeness of medical information. The
improvement is rather moderate, averaging 2 - 3 school grades
(for the WSTF). Still, this improvement can support patients
reading PEMs online.

The selection of the LLM seemed critical to achieve good
results, whereas a prompt seemed to be less of an influencing
factor.

Some rephrased texts conveyed incorrect messages or took
statements out of context. Thisis a serious risk, especially for
medical texts. Therefore, a manual check is still needed and
advised when using LLMs in similar scenarios.
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Abstract

Background: Axial spondyloarthritis (axSpA) is a chronic autoinflammatory disease with heterogeneous clinical features,
presenting considerable complexity for sustained patient self-management. Although the use of large language models (LLMS)
in health care is rapidly expanding, there has been no rigorous assessment of their capacity to provide axSpA-specific health
guidance.

Objective: This study aimed to develop a patient-centered needs assessment tool and conduct a systematic evaluation of the
quality of LLM-generated health advice for patients with axSpA.

Methods: A 2-round Delphi consensus process guided the design of the questionnaire, which was subsequently administered
to 84 patientswith axSpA and 26 rheumatol ogists. Patient-identified key concernswereformulated and input into 5 LLM platforms
(GPT-4.0, DegpSeek R1, Hunyuan T1, Kimi k1.5, and Wenxin X 1), with all prompts and model outputs in Chinese. Responses
were evaluated using 2 techniques: an accuracy assessment based on guideline concordance, with independent double blinding
by 2 raters (interrater reliability analyzed via Cohen k), and the AlphaReadabilityChinese analytic tool to assess readability.

Results:  Analysis of the validated questionnaire revealed age-related differences. Patients younger than 40 years prioritized
symptom management and medication side effects more than those older than 40 years. Distinct priorities between cliniciansand
patientswereidentified for diagnostic mimicsand drug mechanisms. LLM accuracy was highest in the diagnosisand examination
category (mean score 20.4, SD 0.9) but lower in treatment and medi cation domains (mean score 19.3, SD 1.7). GPT-4.0 and Kimi
k1.5 demonstrated superior overal readability; safety remained generally high (disclaimer rates. GPT-4.0 and DeepSeek-R1
100%; Kimi k1.5 88%).

Conclusions: Needs assessment across age groups and observed divergences between clinicians and patients underline the
necessity for customized patient education. LLMs performed robustly on most evaluation metrics, and GPT-4.0 achieved 94%
overall agreement with clinical guidelines. These tools hold promise as scalable adjuncts for ongoing axSpA support, provided
complex clinica decision-making remains under human oversight. Nevertheless, the prevalence of artificial intelligence
hallucinations remains a critical barrier. Only through comprehensive mitigation of such risks can LLM-based medical support
be safely accelerated.

(IMIR Al 2026;5:€79153) doi:10.2196/79153

KEYWORDS
axial spondyloarthritis; axSpA; artificial intelligence; Al; large language model; health management; chronic disease
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Introduction

Axia spondyloarthritis (axSpA) is a chronic inflammatory
disorder that predominantly affectsthe sacroiliac and axial spinal
joints. Early symptoms often include chronic atypical ow back
pain and morning stiffness, with associated manifestations such
as tendinitis and arthritis and extra-articular features such as
uveitis, inflammatory bowel disease, and psoriasis frequently
observed [1]. Despite substantial research progress on axSpA,
most studies have been disease centered, with limited focus on
patient-oriented assessment. Theinsidious onset and nonspecific
symptoms frequently contribute to delays in recognition and
care. Accurate diagnosis requires the integration of clinical
signs; laboratory results; and imaging, such as pelvic X-ray or
sacroiliac joint magnetic resonance imaging [2]. Many patients
lack a clear understanding of the necessity or implications of
these examinations. Therapeutic approaches for axSpA
encompass both pharmacological and nonpharmacological
strategies [3,4], posing additional challenges regarding patient
decision-making and informed participation in care. These
factors collectively impact axSpA self-management and
highlight the urgent need for enhanced patient education.
Furthermore, the rapid advancement of large language models
(LLMs) has unlocked considerable health care potential [5,6].
As more patients seek advice from artificia intelligence
(Al)—based systems, it remains essentia to rigorously evaluate
the accuracy and quality of medical guidance they provide
within axSpA-related contexts.

This study aimed to systematically identify genuine concerns
of patientswith axSpA viaaquestionnaire survey and aparallel
analysis of the perspectives from clinicians. Patient-derived
guestionswere presented to LLMs, with resulting health advice
assessed across 3 dimensions: readability, accuracy, and health
disclaimer. These findings offer data-driven insight for
clinicians, enabling them to tailor education to the needs and
cognitive patterns of diverse patient populations. The results
further inform evaluation of LLMsin health counseling, support
more nuanced clinical decision-making in diagnosis and
treatment, and guide the development of sustainable
patient-centered management strategies.

Methods

Construction of the Questionnaire

The questionnaire development comprised 3 stages [7,8].
Initially, acomprehensivelist of knowledge itemswas extracted
from published questionnaires and the 2022 Assessment of
Spondyloarthritis International Society—European Alliance of
Associations for Rheumatology recommendations for axSpA
management. A Delphi process included rheumatologists,
rheumatology graduate students, and patients. They first
enriched thelist by adding items considered potentially useful,
and then thelist was reduced to obtain the most important items.
Participants in the Delphi rounds were enrolled from the
department of rheumatology and immunology of the Chinese
PLA General Hospitd First Medica Center. The
rheumatol ogists and the rheumatol ogy graduate studentsinvited
patients to participate.

https://ai.jmir.org/2026/1/€79153
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In the second stage, theinitial version of the questionnaire was
created based on the first Delphi round results, formulated by
XJ, JB, and JY. Each question was mapped to the extracted item
list to ensure comprehensive coverage of clinical features,
diagnosis, examination methods, medication options, and
prognosis related to axSpA. The instrument was designed for
al patients with axSpA features regardless of concomitant
peripheral SpA, psoriasis, or inflammatory bowel disease
manifestations.

In the third stage, the final Delphi round facilitated consensus
among all rheumatology experts and rheumatology graduate
students to refine the instrument, with questions selected as
essential if chosen by more than two-thirds and useful if chosen
by more than half but less than two-thirds of participants. Items
deemed redundant and overly complex or those lacking clinical
relevance were eliminated, resulting in the finalized version.
The questionnaire structure and corresponding item numbers
are provided in Multimedia Appendix 1.

Data Collection and Analysis

For data collection, the finalized questionnaire was digitized
and formatted into an online survey. An additional section at
its conclusion collected basic demographic and health-related
information to support baseline analysis. Participation was
anonymous, with clear disclosure that responses would be used
solely for research purposes. Recruitment used a Wenjuanxing
(an online survey platform) link, and this link was distributed
through hospital outpatient clinics[9]. The collected datawere
categorized and contrasted according to the baseline
characteristics of the respondents, including patient age, sex,
and occupational category.

To compare differences in attitudes between health care
professionals and patients, a separate online survey was
administered to medical staff within the rheumatology and
immunology department.

Choiceof LLM Chatbots

In selecting LLMs, we included DeepSeek R1 (DeepSeek),
Hunyuan T1 (Tencent), Kimi k1.5 (Moonshot Al), Wenxin X1
(Baidu), and GPT-4.0 (OpenAl) [10-13], each possessing
strengthsin different domains. The comprehensive comparison
of these models was intended to more accurately reflect
real-world choices and user experiences among patients with

axSpA.
Outcomes and Data Synthesis

The LLM-generated answers were systematically collected by
aresearcher and organized into bullet points. Each question was
submitted independently to the models in a 1-time format to
prevent Al memory effects and ensure unbiased responses. Both
the patient queries and all LLM outputs were generated in
Chinese. Full datasets are provided in Multimedia Appendix 2.
Response assessment targeted 3 metrics: accuracy, readability,
and health advice disclaimers. Accuracy was defined as the
degree of correctness in each LLM'’s response to individual
items [6-14] benchmarked against the 2022 Assessment of
Spondyloarthritis International Society—European Alliance of
Associationsfor Rheumatology guidelinesand the Lancet series
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recommendations [4,15-19]. Two independent raters assessed
each suggestion based on a published scoring criterion
(Multimedia Appendix 3), with arbitration by athird researcher
in case of discrepancies. For example, for scoring, if rater A
assigned indicator scores of 4, 3, 3, and 1 and rater B assigned
scores of 4, 4, 3, and 1, the raters would discuss any
discrepancies (here for the second indicator, 3 vs 4).
Irreconcilable differences were resolved by an expert’s decision.
The independent raters acknowledged potential subjective bias
favoring Al, possibly leading to higher average ratings than
seen in previous literature. Interrater reliability was quantified
viathe Cohen k statistic.

Readability was defined asthe ease or difficulty of reading each
text and quantitatively measured using the
AlphaReadabilityChinese tool (Shanghai International Studies
University) [20]. Thisanalytic framework assesses 9 dimensions
of language complexity. Higher scores in some dimensions

Textbox 1. Dimensions of readability.

Bai et d

signal increased reading difficulty, whereas, for the 5 “precision
and clarity” dimensions, higher scores equate to better
comprehension (Textbox 1).

The key takeaway was that easier-to-understand texts scored
low on dimensions of complexity, such as intricate vocabulary
and sentence structure, but high on dimensions of precision and
clarity, including the use of specific words and unambiguous
phrasing.

“Health disclaimers’ were defined as warnings within the
response that cautioned about specific risks or promoted
appropriate and safe patient behaviors, such as recommending
medical attention if symptoms persist. Each LLM responsewas
categorized on the basis of the presence or absence of a health
disclaimer [21]. The scope of disclaimers encompassed
recommendations to seek professional assistance, urgent care,
careful medication use, and general consultative language.

Dimensions where higher scores mean thetext is harder to read
« Lexical richnessindicates the use of diverse and complex vocabulary.
«  Syntactic richnessrefersto longer and structurally intricate sentences.

«  Semantic richness reflects a high density of content and information.

Dimensions where higher scores mean thetext iseasier toread

instead of “implement analgesic measures’).

«  Semantic noise represents the presence of redundant or off-topic information that may obscure the main message.

«  Noun or verb precision captures the use of specific nouns and action verbs (eg, “MRI scan” instead of “atype of examination” and “reduce pain”

«  Semantic clarity measures how directly and unambiguously information is conveyed.

Statistical Analysis

Statistical analyses were conducted using R (version 3.4.0; R
Foundation for Statistical Computing) and RStudio (version
1.0.136; Posit PBC). Assumptions of normality and variance
homogeneity informed the use of either ANOVA or
Kruskal-Wallis tests for multiple group comparisons of
language-difficulty metrics [22,23]; Greenhouse-Geisser or
Satterthwaite corrections were applied as needed [24,25].
Categorical data from questionnaire responses were evaluated
using chi-square tests or Fisher exact test, where applicable
[26,27]. Significance was defined at P<.05. Figureswere plotted
using the ggplot2 R package.

Ethical Consider ations

Before the first Delphi round, this study was approved by the
medical ethics committee of Chinese Peopl€'s Liberation Army
General Hospital (S2022-255-03). For patients completing the
paper-based questionnaire, a dedicated informed consent form
was signed to obtain their consent. For those completing the
electronic questionnaire, informed consent was obtained through
the “check + click button” method—patients were required to
check the box and click the confirmation button to verify that
they had read and agreed to all terms. During the data collection
process, we ensured patient privacy and maintained strict
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confidentiality of patient data. No compensation was provided
to patients for their participation.

Results

Construction of the Questionnaire

At thefirst stage, 31 items were extracted from existing survey
instruments. Del phi roundsincorporated 1 senior rheumatology
expert with more than 30 years of experience, 3 rheumatol ogists
with extensive clinical expertise, 5 rheumatology graduate
students, and 8 patients. The first Delphi round expanded the
preliminary list to 50 potentially informative items. In the next
stage, a graduate student reformulated these into specific
guestions and compiled them into a draft questionnaire. The
final Delphi round selected 42 questions judged “essential” by
more than half (9/17, 53%) of the participants. Figure S1 in
Multimedia Appendix 4 provides a detailed flowchart of these
procedures.

Survey Results

Through the online questionnaire, responses were collected
from 84 patientswith axSpA. Demographic detailsand response
distributionsare presented in Figure 1A and Table 1. The cohort
comprised 62 (74%) men and 22 (26%) women, with an average
age of 38.01 (SD 10.45) years. Education levels were
predominantly bachelor’'s degree (n=34, 40%), followed by

IMIR Al 2026 | vol. 5| €79153 | p.194
(page number not for citation purposes)


http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR Al

senior high school (n=24, 29%) and master’s or higher degrees
(n=13, 15%). Most (n=47, 56%) held sedentary occupations.
Parental health statuswas most often reported as“good” (n=57,
68%), while self-assessed health was frequently rated as “fair”
(n=42, 50%). Family history of ankylosing spondylitis was
identified in 27 (32%) participants. In total, 57 (68%)
participants used the internet for less than 6 hours a day, and
27 (32%) participants exceeded thisthreshold. Figure 1A shows
that question 11 (“My doctor recommended testing for
HLA-B27. What does a positive result mean?’) was the area of
greatest concern. To expand the scope of assessment, 26
responses from health care professional swere gathered (Figure
1B), with question 11 also ranking highly in this group. Health
care professionals unanimously identified question 1, question
3, question 14, and question 24 as highly important, with no

Bai et d

respondents rating them as “neutral,” “unimportant,” or “very
unimportant.”

To explore factors influencing patient prioritization, we
compared responses across patient subgroups based on baseline
characterigtics. Theresultsindicated age was the most significant
variable (P values ranging from .001 to .05), with 12 questions
showing statistically significant age-based differences (question
4, question 13, question 17, question 24, question 27, question
28, question 30, question 31, question 36, question 37, question
38, and question 40; refer to Figures 2A and B. Multimedia
Appendix 5for P values). Cross-group analysis of patient versus
health care worker priorities revealed statistically significant
disparities on 3 questions (question 18, question 26, and question
31; refer to Figures 3A and B. Multimedia Appendix 6 for P
values).

Figure 1. Questionnaire responses from patients and rheumatologists. (A) Patient questionnaire responses. The lengths of the differently colored bars
represent the proportion of respondents who selected each option within the total surveyed population. (B) Rheumatologists' questionnaire responses.
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Table 1. Baseline characteristics of the study population (N=84).

Characteristic Values
Sex, n (%)
Male 62 (74)
Female 22 (26)
Age (y), mean (SD) 38.01 (10.45)
Education level, n (%)
Primary school or below 3(4)
Junior high school 10(12)
Senior high school 24 (29)
Bachelor's degree 34 (40)
Master's degree or above 13(15)

Sedentary occupation, n (%)

Yes 47 (56)

No 37 (44)
Parental health status, n (%)

Good 57 (68)

Fair 23(27)

Poor 4(5)
Personal health status, n (%)

Good 33(39)

Fair 42 (50)

Poor 9(11)
Family history of axial spondyloarthritis, n (%)

Yes 27 (32

No 57 (68)
Family history of hereditary diseases, n (%)

Yes 19 (23)

No 65 (77)
Daily internet use duration (h), n (%)

<6 57 (68)

>6 27 (32)
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Figure2. Age-stratified response discrepancy distribution. (A) Scatter points below the red dashed lineindicate P<.05, suggesting statistically significant
differencesin answer choices among different age groups for the specific question. (B) Each color block represents the proportion of respondents who
selected that option relative to the total. Group 1 was composed of patients older than 40 years, and group 2 was composed of patients younger than 40
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Figure 3. Distribution of response differences between rheumatologists and patients. (A) Scatter points below the red dashed line indicate P<.05,
suggesting statistically significant differences in answer selection between medical staff and patients for the specific question. (B) Each color block
represents the proportion of respondents who selected that option relative to the total. Group 1 was composed of health care professionals, and group
2 was composed of patients.
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bullet point summaries reflecting health consultation content.
Three core attributes—readability, accuracy, and incorporation
Overview of health disclaimers—were then assessed for each model’s

The 42 patient-derived questionswere submitted to all 5 selected output.
LLMs, each generating independent responsesto avoid memory
bias. Outputswere collected and systematically aggregated into

Al Consultation Opinion Quality Assessment
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Accuracy

The5 LLMsgenerated 1052 recommendationsfor the 42 items,
including repeated suggestions for the same question across
models. Interrater reliability was excellent (Cohen k=0.947,;
Figure S2 Multimedia Appendix 4). The diagnosis and
examination category yielded the highest average accuracy
across models (mean score 20.4, SD 0.9), while the treatment
and medication domain scored lowest (mean score 19.3, SD
1.7). Model-specific performance data across domains and
guestion itemsare provided in Figure 4A; additional breakdowns
are detailed in Figures 4B-E; Multimedia Appendix 7 presents
complete values. Comparative analysis highlighted that the

Bai et a

LLMs' lowest scores consistently occurred in the “inaccurate
or inappropriate content” category, indicating vulnerability to
these errors. In contrast, the highest average scores werein the
“bias,” suggesting astrong model’s ability to avoid biasin health
consultation outputs. Overall, model performance was
satisfactory, with total accuracy scores ranging from 16.8 to
225. The highest scoring questions spanned al domains
(question 3: 23.4 points, question 11: 23.2 points, question 38:
18.2 points, and question 40: 22.4 points), while the lowest
scores were concentrated in questions involving nuanced or
controversial information (question 6: 17.6 points, question 20:
16.4 points, question 34: 16.6 points, and question 38: 18.2
points).

Figure 4. Overall and module-specific score charts. (A) Overall score. (B-E) Scores by module. DS: DeepSeek R1; GPT: GPT-4.0; HY: Hunyuan T1,

KM: Kimi k1.5; WX: Wenxin X 1.
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Readability

Thereadability of LLM-generated health consultation responses
was measured using the AlphaReadabilityChinese tool.
Comparative analysis of the 5 LLMS' outputs, asvisuaized via
aheat map in Figure S3in Multimedia Appendix 4 and detailed
in Multimedia Appendix 8, revealed no significant model
differences in noun-verb or content-word semantic precision.
Kimi k1.5 excelled in lexical richness, verb accuracy, and
semantic noise, while GPT-4.0 demonstrated superior syntactic
richness, noun accuracy, semantic richness, and semantic clarity.
DeepSeek R1, Hunyuan T1, and Wenxin X1 exhibited similar
readability performance overall.

Disclaimers About Health Advice

Figure $4 in Multimedia Appendix 4 demonstrates that most
LLM outputs contained health advice disclaimers, with GPT
4.0 and DegpSeek R1 including such disclaimersin responses
to al 42 questions. Kimi k1.5 provided the fewest responses
but still included disclaimersin 37 (88%) of the 42 cases.

Discussion

This study directly addressed real-world concerns of patients
with axSpA by fostering collaboration between rheumatol ogists
and patients to develop a comprehensive questionnaire
encompassing symptoms, diagnosis, treatment, and prognosis.
Subsequent validation with an 84-patient sample demonstrated
that thetool reliably reflects patient-identified uncertainties and
supports health care professionalsin identifying prioritized and
neglected issues. This facilitates the creation of targeted
educational programs to enhance long-term chronic disease
management.

However, marked discrepancies emerged between professionals
and patients in the perceived importance of certain topics. For
instance, question 18 (“What diseases is this condition likely
to be misdiagnosed as?’) was rated more highly by patients
than by clinicians [28,29]. Question 31 (“Do biologic agents
carry addiction potential?’) and question 26 (“What are the
mechanistic differences between NSAIDs, corticosteroids, and
analgesicsin pain management?’) al so showed such divergence
[30]. These differences may reflect gaps in professional
knowledge transfer, whereby clinicians, familiar with drug
mechanisms and risk profiles, may underestimate the
informational value these issues hold for patients. This
knowledge gap highlights potential inadequacies in current
educational practices and underscores the need for efforts to
bridge understanding between clinicians and patients in future
interventions.

Ageisasignificant driver of patient perception [31]. Analysis
of patients grouped by age (older or younger than 40 years)
revealed 12 questions with statistically significant differences,
particularly related to symptom management, medication side
effects, and prognosis. Younger patients showed increased
concern, whereas no significant differences in baseline
demographic characteristics were detected (Multimedia
Appendix 9). Two main explanations were identified: first,
younger patients showed greater interest in novel biological
agents and their related mechanisms or risks; second, life stage

https://ai.jmir.org/2026/1/€79153
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difference shaped priorities, with patients younger than 40 years
demonstrating greater family-planning awareness and early
diagnoses mitigating confusion over questions such as question
17. Furthermore, considering axSpA often manifests in early
adulthood, older patients, who have lived with the disease for
longer, may be more accustomed to standard interventions and
lessreliant on new information [32]. Collectively, these findings
highlight the necessity for age-specific patient education to
reflect diverse literacy and life stage requirements, with future
health promotion strategies tailored accordingly [33].

A persistent problem observed was Al hallucination, in which
LLMs produced confidently stated yet unsourced or inaccurate
statistics. For example, in question 41, Hunyuan T1 claimed,
“Spinal mobility: 30 minutes of daily yoga can increase the
maintenance rate of spina range of motion by 55% [5-year
follow-up data].” While evidence does support mobility benefits
of yogain axSpA through mechanistic pathways, such asmuscle
strengthening or inflammation reduction, no research
corroborates a 55% improvement rate or the alleged 5-year
dataset [34]. Although LLMs demonstrated generally strong
performance, the safety risk posed by confidently delivered but
unfounded claims remains substantial, a threat that cannot be
ignored if patients act on these unsubstantiated data. Teaching
patientsto appraise such claimscritically isvital for maximizing
LLMS potential to support chronic disease management while
safeguarding patient health [35].

Despite intermodel variability in accuracy for medical advice
[36], the LLMs overall performed robustly in this study.
Accuracy ratingsin this study were higher compared to previous
research, which may be attributable to our open-ended,
patient-focused question format and relatively accommodating
scoring criteria [37,38]. Ongoing advances in Al technology
may also explain this improvement. Notably, the “bias’
consistently produced high scores, reflecting a strong capacity
to provide wide-ranging yet balanced recommendations.
However, the inclination for models to sometimes produce
superficially authoritative yet insufficiently substantiated advice,
especially regarding clinical management, introduces significant
risk. For example, in responseto glucocorticoid-related queries
(question 35), Wenxin X1 recommended glucocorticoids for
pain management without thorough context, potentially exposing
patientsto avoidable complications, including osteoporosis and
seriousinfections [39,40]. Theseinstancestypically resultedin
lower “inaccurate or inappropriate content” scores.

Our findings showed that high-scoring LLM responsesgeneraly
addressed well-established topics with strong supporting
evidence. Asseen in responsesto question 40 (“ Can Traditional
Chinese Medicine [TCM] treatments replace Western
pharmacological therapies?’), all models consistently advised
against substituting traditional Chinese medicine (TCM) for
Western medicine. GPT-4.0's response indicated that TCM
currently lacks conclusive evidence comparable to that of
Western medicine in key efficacy outcomes such as bone
protection and symptom control [41,42]. It further clarified that
while TCM can serve as an effective adjunctive therapy,
Western medicine should remain the foundational treatment
approach. Although TCM or acupuncture may serve as useful
adjuncts in the management of ankylosing spondylitis, they
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cannot yet replace the central role of Western medications. We
recommend that one works with a specialist to build an
integrated, individualized treatment plan that is grounded in
Western medicine and supplemented by TCM modalities.

Conversely, lower-scoring questionswere primarily those related
to medication recommendations. Medication management is
highly individualized, requiring customized clinical judgment
based on expertise and a comprehensive understanding of the
patient’s profile [36,43,44]. Authoritative but uncontextualized
LLM guidance may mislead if presented without real-time
clinical oversight, posing asubstantial safety risk. Patients must
be cautioned that any specific medication recommendations
from LLMsmust always be reviewed and validated by licensed
health care professional s before being acted upon.

Readability was an essential metric; both Kimi k1.5 and GPT-4.0
excelled in generating patient-facing content with concise, clear
language and minimal jargon, greatly enhancing accessibility
and user comprehension [45,46]. These findings underscore a
path for further model refinements to improve the
communication of medical information to lay audiences.

Most LLMs systematically incorporated health disclaimers,
such as*“ This information cannot replace professional medical
advice” [47,48], which isintegral to patient safety. However,
inconsistent disclaimer inclusion for less critical questionswas
observed, calling for the standardization of safety messages
across all LLM-generated medical content. Despite generally
appropriate use of disclaimers, occasional omissionswere noted,
representing a residual safety concern, as their absence may
increase the risk of patients misinterpreting or misapplying
Al-generated advice. To addressthis, futureiterations of medical
LLMs should enforce uniform attachment of health advice

Bai et d

disclaimers to every heath-oriented output, regardless of
perceived question severity.

Our study also has some limitations. External generalizability
is redtricted by the sample size (84 patients and 26
rheumatologists) and single-center, urban tertiary hospital
setting, which may limit the applicability of results to broader
populations with axSpA with different demographics, health
literacy, or health care access. For instance, patients in this
top-tier hospital may have distinct expectations, backgrounds,
or experiences compared to those in regional or rural centers.
In addition, the generalizability of LLM performance and user
acceptance may vary by familiarity with digital health toolsand
local medicolegal contexts. Further multi center studies spanning
diverse socioeconomic and health care environments are
necessary to validate these findings and extend the
questionnaire’s utility. In addition, reliance on 2 raters for
accuracy assessmentsintroduces some subjective bias, although
this was minimized via strict guideline adherence and a
structured arbitration protocol involving a third researcher.
Finally, the exclusive use of Chinese-language responses may
not fully extrapolate to other linguistic settings.

This research emphasizes the urgency of patient-centered
communication tools in axSpA management and illuminates
critical shortcomings in current educational practices. The
continual evolution of LLMs offers significant promise and
unique challenges for supporting chronic disease care with
personalized, accessible, and evidence-grounded information.
Addressing Al hallucination through improved model
development, integrated fact-checking, and explicit cautionary
guidance isimperative to ensure responsible and safe adoption
of LLMsin patient health care.
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Abstract

Background: Overcrowding in the emergency department (ED) is a growing challenge, associated with increased medical
errors, longer patient stays, higher morbidity, and increased mortality rates. Artificial intelligence (Al) decision support tools
have shown potential in addressing this problem by assisting with faster decision-making regarding patient admissions; yet many
studies neglect to focus on the clinical relevance and practical applications of these Al solutions.

Objective: This study aimed to evaluate the clinical relevance of an Al model in predicting patient admission from the ED to
hospital wards and its potential impact on reducing the time needed to make an admission decision.

Methods: A retrospective study was conducted using anonymized patient data from St. Antonius Hospital, the Netherlands,
from January 2018 to September 2023. An Extreme Gradient Boosting Al model was developed and tested on these data of
154,347 visits to predict admission decisions. The model was evaluated using data segmented into 10-minute intervals, which
reflected real-world applicability. The primary outcome measured was the reduction in the decision-making time between the Al
model and the admission decision made by the clinician. Secondary outcomes analyzed the performance of the model across
various subgroups, including the age of the patient, medical specialty, classification category, and time of day.

Results:. The Al model demonstrated a precision of 0.78 and arecall of 0.73, with a median time saving of 111 (IQR 59-169)
minutes for true positive predicted patients. Subgroup analysis revealed that older patients and certain specialties such as
pulmonology benefited the most from the Al model, with time savings of up to 90 minutes per patient.

Conclusions: The Al model shows significant potential to reduce the time to admission decisions, alleviate ED overcrowding,
and improve patient care. The model offers the advantage of always providing weighted advice on admission, even when the ED
isunder pressure. Future prospective studies are needed to assesstheimpact in the real world and further enhance the performance
of the model in diverse hospital settings.

(IMIR Al 2026;5:e80448) doi:10.2196/80448
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Introduction

Background

Emergency department (ED) crowding is a growing problem
that can lead to the deterioration of the quality of health care.
This concern is associated with a rise in medical errors made
by clinicians[1,2], prolonged patient stay [3], morbidity [4,5],
and increased mortality rates [6-8]. In some cases in the
Netherlands, standards of health care were not met, resultingin
the temporary closure of EDs [9]. The issue of overcrowding
is expected to become even more evident in the coming years
due to increased life expectancy and increased demand for
complex care[10,11].

In recent years, studies have been extensively exploring the
issue of ED crowding [12-14]. In a conceptual model, ED
crowding is divided into three interdependent components: (1)
the input component, (2) the throughput component, and (3)
the output component [15]. Changesin one of these components
can contribute to the ED length of stay and therefore ED
crowding [16]. Each component comprises multiple factorsthat
can influence the overcrowding problem both independently
and through interaction with factors within or outside the
component [13]. Focusing specifically on the throughput
component, key factors have been identified, namely the
experience level of staff [17], shortages of staff within the ED
[18,19], availahility of bedsinthe ED [20], delaysintest results,
and disposition decisions [21].

To address the problem of overcrowding, solutions can be
pursued both within the ED and through broader changes at the
hospital. Withinthe ED, particularly concerning the throughput
component, studies have investigated, for example, the
implementation of fast-track systems [22,23], adjustments in
triage models [24], and the rising application of artificial
intelligence (Al) solutions [25].

Currently, several studies are investigating the potential of Al
solutionsto mitigate the overcrowding problemin the ED. Some
promising results have been reported in areas of patient
admission to inpatient unitsand intensive care unitsor discharge
from the ED, thereby impacting the duration of stay in the ED
[21]. However, these Al models can vary significantly in their
functioning, often using diverse parameters at various time
points during ED admission [26-32]. While these studies tend
to focus on the technical performance of the models, they often
neglect to consider their practical relevance and applicability
within health care settings [33-35].

In this study, an Al model was developed for decision support
in the ED. Moreover, the retrospective model predictions were
evaluated with updates occurring every 10 minutes based on
the most current patient data. This Al model showed the health
care professionals and residents the probability of admissionto
a hospital ward from the ED.

Aim

The clinical relevance of the Al decision support system was
evaluated by analyzing the decision-making time. This
evaluation involves retrospectively examining whether the
model can reduce the time required for an admission decision,

https://ai.jmir.org/2026/1/e80448
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thereby potentially decreasing ED length of stay and alleviating
the overcrowding problem.

Methods

Study Design

In this retrospective study, anonymized patient records from
the Dutch St. Antonius Hospital were collected from January
2018 to September 2023. The St. Antonius Hospital in the
Netherlands has 2 different locations where emergency careis
provided, and it is alevel 2 trauma center in an urban setting.
A total of 41,000 patients present to the EDs each year at the
St. Antonius Hospital. The data up until May 2022 were
earmarked for the devel opment and assessment of our Al model.

Asthe emphasis of this study was on the clinical impact rather
than the complexities of model development and evaluation,
detailed information regarding the development of the model
is provided in Multimedia Appendix 1, which includes a
comprehensive overview of the preprocessing steps, feature
selection, and model s considered during the devel opment phase.
The development of the model was based on the study by De
Hond et a [32]. Admissions in this study comprised patients
treated in the EDs of St. Antonius Hospital. Peatients who
explicitly declined to provide consent for the use of their data
in any research context were excluded. Additional exclusion
criteria encompassed patients younger than 18 years.

The Al model predictsthe admission probability asapercentage.
If this percentage exceeds 50%, the model classifies the case
as “admission.” Once the threshold is reached, the decision is
final and cannot be reversed. This design choice was made to
mimic clinical commitment, thereby reflecting aredlistic clinica
decision-making context in which a patient admission decision
istypically irreversible once made.

Data Collection

Features were extracted from the dataset by performing severa
steps during the data cleaning and transforming phase. A
detailed list of these features, along with a comprehensive
explanation of the data-cleaning process, is provided in Table
S1 in Multimedia Appendix 1. For model development, the
dataset collected between January 1, 2018, and May 15, 2022,
was split in an 80:20 ratio randomly; 80% (105,000/131,250)
of the data was used for training the Al model, and 20%
(26,250/131,250) was used for testing.

To evaluate the Al model’s performance in predicting ED
admissions, adataset including al ED visitsfrom May 16, 2022,
to September 1, 2023, was created. This dataset was designed
to mimic real-world scenarios, allowing usto assessthe model’s
clinical performance in a controlled retrospective setting. This
dataset was referred to as the evaluation dataset. Admission
data were divided into 10-minute intervals, starting from the
initial O minutes up to 3 hours. This segmentation reflected
clinical decision-making by providing the model with the most
recent information available at each time point. By checking
new predictions every 10 minutes, we could analyze how
changes in these predictions supported clinical decision of
admission to the ward. This method tested the model’s ability
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to make accurate predictions with limited and progressively
updated information, reflecting typical emergency settings.

Thus, 3 datasetswere used: 1 for training the model, 1 for testing
during the development phase, and 1 evaluation dataset to
calculate thetime saved by the Al model compared to admission
decisions made by ED health care professionals.

M odel Evaluation

General Performance

Different analyses were conducted using the test and the
evaluation datasets. General performance metrics such as
accuracy, precision, and recall, were calculated using the test
dataset.

Primary Outcome

The primary outcome measure was the difference in
decision-making time between the Al model and the admission
decision made by the clinician. The decision of the clinician
was defined as the duration from a patient’s arrival at the ED
to the time an admission order was placed or when the patient
was informed by a health care professional that admission was
not required, and discharge was appropriate. This outcome was
evaluated against the Al model’s prediction when the predicted
admission probability exceeded 50%. When the probability of
admission exceeded the threshold, the model predicted an
admission and could not revert to “discharge from ED”
prediction. This influenced the metrics over time. The health
care professional’s admission order served as the benchmark
for this comparison. This analysis was performed using the
evaluation dataset.

Secondary Outcome

The secondary outcome focused on the full patient group and
true positive patients predicted by the Al model across various
subcategories and baseline calculations. The patients correctly
assessed by the model as admitted were classified as the true
positive category. These baseline calculations represented the
majority class assumption. These subcategories included age
groups, medical specidlties, triage categories, and different parts
of the day. These results were obtained using the evaluation
dataset, including the constraint that once the model predicts
admission, it cannot be revised to discharge. Each subcategory
was analyzed to determine its impact on admission decision
time. These categories were aso cross anayzed to assess
coherence. These categories were chosen based on the
assessment of importance by an ED clinician.

The ages of patients upon their arrival at the ED were analyzed.
Patient ageswere recorded and categorized into 10-year intervals
such as 18 to 27, 28 to 37, and other age groups.

The medical speciadty assigned at the time of ED arrival was
examined, asdifferent specidties could lead to varied outcomes.
In this study, specialtiesincluded thetop 10 presented specialties
inthe ED.

Upon arrival, patientswere assigned atriage category indicating
the urgency of their condition. The triage categories in the
Netherlands range from U0 to U5, with UO being the highest
critical state of health.

https://ai.jmir.org/2026/1/e80448
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The datawere analyzed based on the arrival time of day, which
may influence outcomes due to varying compositions of staff
present in the ED. The data were segmented into 4 periods:
night (midnight to 6 AM), morning (6 AM to noon), afternoon
(noon to 6 PM), and evening (6 PM to midnight).

Baseline cal cul ations were al so performed for each subcategory
to provide a reference point. This baseline represented the
scenario inwhich all caseswere assumed to result in admission
(ie, if most patients are admitted, then a“yes, admit this patient”
prediction for all patients is made). For each subcategory, the
percentage of correct predictions under this baseline assumption
was calculated and compared against the Al mode’s
performance. This showed us how the current situation could
potentially be adapted and improved.

In addition, the feature importance of the model was examined
to assess the impact of individual features on the model’s
inclusion decision. A higher value indicated a greater
contribution to the final decision of the model. These findings
can inform the selection of features for future models and
support clinical decision-making.

Ethical Consider ations

This study was reviewed and approved by the St. Antonius
Hospital’s local review committee (approval R& D/Z24.050).
No informed consent from patients was required for this study,
asit did not involve any additional risksor burdensfor patients.
Patients whose anonymized data were used for this study
received no compensation. All patient data were processed
anonymously and stored on a secure server with restricted
access, in accordance with data protection laws and regul ations.

Results

General Performance

The Al support model for decision prediction in the ED wasan
Extreme Gradient Boosting with an accuracy of 0.81, precision
of 0.78, recall of 0.73, F;-score of 0.75, and areceiver operating
characteristic area under the curve of 0.89 on the test dataset.
The final hyperparameters used for this model included a
colsample bytree of 0.7, y of 0.0, learning rate of 0.1,
max_depth of 15, and min_child_weight of 7.

Primary Outcome

The median durations of admission order placement by health
care professionals were compared to the time required by the
Al model on retrospective data to make equivalent decisions.
Health care professionals required a median time of 151 (IQR
95-228) minutes to make admission decisions, decreasing to
131 (IQR 75-201) minutes for the admitted patient popul ation.
In contrast, the Al model achieved a median decision time of
20 (IQR 0-40) minutes for the correct prediction. This
represented atime saving of 111 minutes per patient for correct
predictions when using the Al model.

Figure 1 shows the performance metrics of the Al model. It
illustrates that the quality of the admission predictions evolves
over time. Initially, the model failed to capture many cases, but
it eventually achieved a precision of 80% (24,696/30,870).
Nevertheless, it still generated 30% (9261/30,870) to 35%
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(10,805/30,870) false positives, which may lead to excessive
and unnecessary alarmsfor the medical staff. These metricsare
dightly different from the general performance, since a stricter
admission rule was applied; once the model admits a patient,

Van Der Haas et al

this decision cannot bereversed. Theseresults also showed that,
later during the ED stay, the Al model made fewer mistakes
than earlier.

Figure 1. Evolution of the performance metrics during the stay of the patient in the emergency department (ED).
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Secondary Outcomes

Age

Figure 2 and Table 1 show that younger patients (aged 18-27
y) had a median current time of 137 minutesin the ED, with a
substantial improvement in time saved per patient (100 min).
The precision of 0.51 and the recall of 0.46 suggested that
younger patientswere often misclassified. In contrast, the older
adult population (aged 78-87 y and =88 y) presented the greatest

clinical impact. Their admission times (for the true predicted
patients) were reduced by 120 and 110 minutes per patient,
respectively, and the model achieved a strong precision of 0.75
and 0.78 and arecall of 0.90 and 0.91.

For the 18- to 27-year age group, the model’s accuracy (84%)
matched the baseline of assuming no admissions (84%). For all
other age groups, the model consistently outperformed the
baseline.

Figure 2. Timeto admission decision for all true positive predicted patients, stratified by age group. The greater the difference, the greater the potential

time saving. Al: artificia intelligence.
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Table 1. Model performance for different age groups, showing clear differences between younger and older patients.

Agegroup (y) Truepositives, True negatives, False posi- Falsenegatives, Precision Recall Accuracy Majority accu-
n (%) n (%) tives, n (%) n (%) racy

18-27 346 (7.4) 3561 (76.4) 338 (7.3) 413 (8.9) 0.51 0.46 0.84 0.84

(n=4658)

28-37 536 (10.1) 3689 (69.4) 452 (8.5) 635 (12) 0.54 0.46 0.80 0.78

(n=5312)

38-47 675 (14.3) 3058 (64.7) 531 (11.2) 466 (9.9) 0.56 0.59 0.79 0.76

(n=4730)

48-57 1418 (23.4)  3153(52) 903 (14.9) 590 (9.7) 0.61 0.71 0.75 0.67

(n=6064)

58-67 2484 (33.9) 2991 (40.8) 1297 (17.7)  558(7.6) 0.66 0.82 0.75 0.58

(n=7330)

68-77 4257 (45.1)  2848(30.2) 1713(182) 619 (6.6) 0.71 0.87 0.75 0.52

(n=9437)

78-87 3806 (51.1) 1951 (26.2) 1265 (17) 422 (5.7) 0.75 0.90 0.77 0.57

(n=7444)

288 (n=2332) 1265(54.2)  590(25.3) 349 (15) 128 (5.5) 0.78 0.91 0.80 0.60

. ) such as neurology, surgery, otorhinolaryngology, and internal
Medical Specialty

Table 2 shows that pulmonology and gastrointestinal and liver
disease cases showed a recall rate of higher than 0.90 and a
precision value of more than 0.7. With this balance between
recall and precision, the model ensured that the clinical risks of
missed admissions (fal se negatives) were minimized, while the
clinical impact of unnecessary admissions (false positives) on
hospital capacity remained manageable. By contrast, specialties

Table 2. Model performance for different medical specialties.

medicine demonstrated greater challenges. For example,
neurology had a recall of 0.82 but a lower precision of 0.52,
with asignificant number of false positives (1438/4659, 30.9%).
This resource burden reflected the difficulty in assessing
neurological symptoms. Figure 3 shows that across all
specialties, the model consistently outperformed the baseline
accuracy. It also shows that in neurology and cardiology, the
admission decision time was 0 minutes for the Al model.

Medical specialty True posi- True nega- Falsepos-  Fasenega Precision Recall Accuracy Majority ac-
tives, n (%) tives, n (%) tives, n (%) tives, n (%) curacy
Obstetrics and gynecology 126 (12.6) 648 (64.6) 65 (6.5) 164 (16.4) 0.66 0.43 0.77 0.71
(n=1003)
Urology (n=1931) 658 (34.1) 791 (41) 247 (12.8) 235(12.2) 0.73 0.74 0.75 0.54
Orthopedics (n=1878) 242 (12.9) 1411 (75.1) 127 (6.8) 98 (5.2) 0.66 0.71 0.88 0.82
Neurology (n=4659) 1543 (33.1) 1338(28.7) 1438(30.9) 340(7.3) 0.52 0.82 0.62 0.60
Gastrointestinal and liver 1436 (57.4) 321(12.8) 618 (24.7) 127 (5.1 0.70 0.92 0.70 0.70
diseases (n=2502)
Pulmonology (n=6068) 3170(52.2) 1519 (25) 1034 (17)  345(5.7) 0.75 0.90 0.77 0.77
Otorhinolaryngol ogy 38(5.9) 512 (79.6) 26 (4) 67 (10.4) 0.59 0.36 0.86 0.84
(n=643)
Internal medicine (n=7810) 3598 (46.1) 2342 (30) 1399 (17.9) 471 (6) 0.72 0.88 0.76 0.52
Surgery (n=17,720) 2852 (16.1) 11,758 (66.4) 1290 (7.3) 1820 (10.3) 0.69 0.61 0.82 0.74
Cardiology (n=916) 471 (51.4) 154 (16.8) 265 (28.9) 26 (2.8) 0.64 0.95 0.68 0.54
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Figure 3. Timeto admission decision for all true positive predicted patients, stratified by medical speciaty. The greater the difference, the greater the

potential time saving. Al: artificial intelligence.
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Triage Categories

Figure 4 and Table 3 show that the model performs particularly
well for the most critical patients (UO and U1 categories), where
the precision and recall ensure that amost al high-risk
admissions are caught in time, saving crucial minutes. The
system saves 80 minutes for the UO category and 100 minutes
for the U1 category per true positive predicted patient. However,
challenges emerged in the U3 and U4 categories, where lower

precision and recall indicated a notable number of false positives
and fal se negatives. In such cases, unnecessary admissions could
burden resources, while missed cases could endanger lives,
indicating that improvements in midtier urgency cases could
significantly impact ED efficiency. The baseline dlightly
outperformed the model for the UO category, whereasthe model
excelled in al other triage categories. Figure 4 shows that the
admission decision timewas 0 minutesfor the U0 and unknown
categories when using the Al model.

Figure 4. Time to admission decision for al true positive predicted patients, stratified by urgency level (triage category). The greater the difference,

the greater the potential time saving. Al: artificial intelligence.
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Table 3. Model performance across triage urgency levels.

Van Der Haas et al

Triage category ~ Truepositives, True negatives, False posi- Falsenegatives, Precision Recall Accuracy Majority accu-
n (%) n (%) tives, n (%) n (%) racy

Unknown 322(23.8) 865 (63.8) 93(6.9) 75 (5.5) 0.78 0.81 0.88 0.71

(n=1355)

U0 (n=178) 170 (95.5) 0(0) 6(3.4) 2(1y) 0.97 0.99 0.96 0.97

U1 (n=4257) 2442 (57.4) 529 (12.4) 1172(27.5)  114(2.7) 0.68 0.96 0.70 0.60

U2 (n=18,403)  8077(43.9)  5670(30.8) 3253(17.7)  1403(7.6) 0.71 0.85 0.75 0.52

U3(n=17,362) 3170(18.3) 10,731(61.8) 1829(10.5) 1632 (9.4) 0.63 0.66 0.80 0.72

U4 (n=5733) 603 (10.5) 4032 (70.3) 494 (8.6) 604 (10.5) 0.55 0.50 0.81 0.79

U5 (n=19) 3(15.8) 14 (73.7) 1(5.3) 1(5.3) 0.75 0.75 0.89 0.79

Part of the Day

Table 4 shows that performance varied depending on the time
of day. Between noon and 6 PM, when the ED experienced its
highest patient volume, the model achieved its best overall
performance. A recall of 0.79 indicated that most patients

needing admission were accurately flagged, saving, on average,
100 minutes per (true positive predicted) patient. Conversely,
during quieter night shifts (midnight to 6 AM), the model’s
precision decreased to 0.67. However, it exhibited a higher
recall rate compared to the afternoon shift. Figure 5 shows that
across al time periods, the model outperformed the baseline.

Table4. Model performance across arrival time periods, showing consistency in performance.

Arrival time Truepositives, True negatives, False posi- Falsenegatives, Precision Recall Accuracy Majority ac-
n (%) n (%) tives, n (%) n (%) curacy

Night (midnight- 1300 (39.3) 1175 (35.5) 637 (19.2) 199 (6) 0.67 0.87 0.75 0.55

6 AM; n=3311)

Morning (6 AM- 3259 (29) 5280 (46.9) 1637 (14.5) 1075 (9.6) 0.67 0.75 0.76 0.61

noon; n=11,251)

Afternoon (noon- 6696 (30.3) 10,582 (47.9) 3061 (13.9) 1754 (7.9) 0.69 0.79 0.78 0.62

6 PM; n=22,093)

Evening (6 PM- 3532 (33.2) 4804 (45.1) 1513 (14.2) 803 (7.5) 0.70 0.81 0.78 0.59

midnight;

n=10,652)

Figure5. Timeto admission decision for all true positive predicted patients, stratified by the part of the day a patient entered the emergency department.
The greater the difference, the greater the potential time saving. Al: artificia intelligence.
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Feature | mportance

The results of the feature importance are shown in Multimedia
Appendix 2. Table S1in Multimedia Appendix 2 showsthe top
20 most influential features, demonstrating that orders for
inflammation, ordersfor kidney function, ordersfor blood count,
and orders for blood cultures had the strongest influence.

Subcategory Coherence

Further analysis was conducted to evaluate the coherence of
subcategories within the datasets. This additional layer of
analysisaimed to ensure consistency in theresults and provided
adeeper understanding of the underlying patterns (Figures 6-11).
Thisis presented in Multimedia Appendix 3.

Figure 6. Saved time per patient between the medical specialty and triage category.
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Figure 7. Saved time per patient between medical specialty and age group.
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Figure 8. Saved time per patient between the medical speciaty and part of the day.
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Figure 9. Saved time per patient between triage category and age group.
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Figure 10. Saved time per patient between the triage category and the part of the day.
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Figure 11. Saved time per patient between the age groups and part of the day.
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Discussion Unlike previous work, our approach integrates iterative data

Principal Findings

Our study addresses the potentia for integrating an Al decision
model into clinical practice by not only developing an Al model
using Extreme Gradient Boosting but al so evaluating itsclinical
relevance through a 10-minute eval uation dataset. Many models
rely on static inputs and technical performance, without
addressing integration into clinical workflows [26-32]. Unlike
previous studies, our model revises its admission decision at
10-minuteintervals, enhancing clinica relevance and facilitating
seamless integration into the clinical workflow.

It demonstrated that using Al to support the physicians in the
ED has the potentia to reduce time to an admission decision
by 111 (IQR 59-169) minutes per correctly predicted patient,
thereby improving the quality of care and reducing pressure on
hospital resources. The model achieves an accuracy of 0.81, an
F,-score of 0.75, and a receiver operating characteristic area
under the curve of 0.89. Nevertheless, these findings should be
interpreted with caution, as both clinical relevance and
performance are likely to be lower when implemented in an
actual clinical workflow compared to existing literature [28,32].

https://ai.jmir.org/2026/1/e80448

updates every 10 minutes and checks the clinical impact of Al
decision-making. This study provides a practicaly oriented
contribution by demonstrating how Al can support timely
decision-making, especially for less experienced clinicians.

Importantly, the model does not negatively impact patient safety.
Inthe case of atrue positive prediction, the patient istransferred
to the correct department quickly and receives more specific
treatment faster. In the case of a false negative prediction, the
patient istransferred to the department as quickly asthey would
have without the Al model. In the case of a fase positive
prediction, it only leads to additional work for the employees.
However, in this hospital’s case, this did not lead to clinically
significant consequences.

Limitations

The findings suggest that Al models can be effectively used to
enhance the decision-making processes in the ED, leading to
reduced time to admission decisions and potentially improving
patient outcomes.

One data limitation of this study is that the model does not
include radiological image results, blood gas, and free-text
clinical notes, al of which are critical for a comprehensive
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patient assessment. I ncorporating these datatypes could improve
the model’s metrics and reliability. Additionally, the model
does not account for data from previous appointments, which
could provide valuable context and insights into a patient’s
history and potential risks.

Another notable consideration is the potential consequence of
faster admission decisions from the ED, namely a false
admission prediction. This could lead to an unnecessary order
being sent to the urgency coordinator to arrange a bed that is
ultimately not required, resulting in wasted time for staff and
disrupting operational workflows. In consultation with the
urgency coordinators, it was agreed that this is a consequence
that has minimal impact on the St Antonius Hospital.

Considerations (of Implications) for | mplementation

While the Al model shows promise in an ideal scenario,
real-world implementation will still face several challenges.
Even with Al recommendations, delays in placing orders are
likely to occur due to factors such as health care professionals
being occupied or requiring additional time to assess patients.
Additionally, factors such as the department’sworkload, patient
flow, and the need for patient transfers within the region can
further affect the time to admission decision. In practice, the
time difference may not be as significant as predicted by the
model alone. A combination of health care professionals and
Al modelswill need to work together, and thisinteraction should
be explored in a prospective study, which is planned [35]. This
combination of Al and health care professionals is also what
could improve the false positive rate and thus the model,
compared to just working with the Al model.

Future Directions

A prospective study is recommended to evaluate the actual
impact of themodel on ED length of stay in areal-world setting.

Data Availability

Van Der Haas et al

To improve predictive accuracy, such a study should assessthe
model's performance in the clinical setting. In addition,
incorporating additional data sources such as imaging results
and patient history, could enhance the model’s applicability in
area-world setting.

Conclusions

ED overcrowding poses a challenge to health care systems,
contributing to delays in treatment, increased medical errors,
and compromised patient outcomes. This study was motivated
by the urgent need to expedite the decision-making process
within the ED to reduce patient ED length of stay.

To address this, we developed and evaluated an Al-based
decision support model capable of predicting hospital admissions
fromthe ED. Unlike previous studies that primarily focused on
technical model performance, our work emphasizes clinical
relevance through real-time decision-making via 10-minute
interval updates, mimicking the dynamics of actua ED
workflows.

The model achieved aprecision of 0.78 and arecall of 0.73. In
a retrospective dataset, the Al model was able to reduce the
median time to admission order by 111 (IQR 59-169) minutes
for correctly predicted admissions, potentialy alleviating ED
overcrowding and improving patient care. In addition, it offers
the advantage of consistently providing weighted advice on
admission, even when the ED is under pressure.

These findings demonstrate that integrating Al decision support
into clinical workflows has the potential to speed up decisions,
reduce ED overcrowding, and thusimprove patient care. Future
prospective studies are essential to validate these results in
real-world settings.

The datasets generated or analyzed during this study are available from the corresponding author on reasonable request.
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Abstract

Background: Artificial intelligence (Al) chatbots have become prominent tools in health care to enhance health knowledge
and promote healthy behaviors across diverse populations. However, factors influencing the perception of Al chatbots and
human-Al interaction are largely unknown.

Objective: This study aimed to identify interaction characteristics associated with the perception of an Al chatbot identity asa
human versus an artificial agent, adjusting for sociodemographic status and previous chatbot use in a diverse sample of women.

Methods: This study was a secondary analysis of data from the HeartBot trial in women aged 25 years or older who were
recruited through social media from October 2023 to January 2024. The original goal of the HeartBot trial was to evaluate the
change in awareness and knowledge of heart attack after interacting with afully automated Al HeartBot chatbot. All participants
interacted with HeartBot once. At the beginning of the conversation, the chatbot introduced itself as HeartBot. However, it did
not explicitly indicate that participantswould beinteracting with an Al system. The perceived chatbot identity (human vsartificial
agent), conversation length with HeartBot, message humanness, message effectiveness, and attitude toward Al were measured
at the postchatbot survey. Multivariable logistic regression was conducted to explore factors predicting women’s perception of
a chatbot’s identity as a human, adjusting for age, race or ethnicity, education, previous Al chatbot use, message humanness,
message effectiveness, and attitude toward Al.

Results: Among 92 women (mean age 45.9, SD 11.9; range 26-70y), the chatbot identity was correctly identified by two-thirds
(n=61, 66%) of the sample, while one-third (n=31, 34%) misidentified the chatbot asahuman. Over half (=53, 58%) had previous
Al chatbot experience. On average, participants interacted with the HeartBot for 13.0 (SD 7.8) minutes and entered 82.5 (SD
61.9) words. In multivariable analysis, only message humanness was significantly associated with the perception of chatbot
identity as a human compared with an artificial agent (adjusted odds ratio 2.37, 95% CI 1.26-4.48; P=.007).

Conclusions. Tothebest of our knowledge, thisisthefirst study to explicitly ask participants whether they perceive an interaction
as human or from a chatbot (HeartBot) in the health carefield. This study’sfindings (role and importance of message humanness)
provide new insights into designing chatbots. However, the current evidence remains preliminary. Future research is warranted
to understand the relationship between chatbot identity, message humanness, and health outcomes in alarger-scale study.

(IMIR Al 2026;5:e67717) doi:10.2196/67717
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Introduction

Methods

Artificial intelligence (Al) chatbots are computer programs
using natural language processing, machinelearning, and large
language modelsto simulate human-like conversations[1]. The
advantages of using Al chatbots in health care include 24x7
availability, cost-effectiveness, and scalability. In contrast,
incorrect responses, misleading advice, lack of empathy, or
nuanced communication are often concerns of Al chatbot use.
Given the recent rapid development of large language models,
the application of Al chatbots in health care has been widely
investigated. Recently, several systematic reviews and
meta-analyses have examined the efficacy of Al chatbots in
preventing or managing chronic illnesses. To summarize, Al
chatbot-based programs have shown promising results in
improving mental health [2-4], such as depressive or anxiety
symptoms, diabetes management [5], promoting healthy diets
[6], and increasing cancer screenings|7]. Moreover, our research
team devel oped the Al chatbot behavior change model [8] and
then initiated an Al chatbot development project (hereafter
called HeartBot) aimed at increasing women’s knowledge and
awareness of heart attacks in the United States. Recently, we
published the promising results of these HeartBot trials[9,10].

Assessing whether participants perceive an interaction ashuman
or from a chatbot is important because a perceived human
interaction tendsto increase trust, engagement, satisfaction, and
expectancy effects[11-13]. Severa well-designed, high-quality
randomized controlled trials (RCTs) of chatbot interventions
in health care have been conducted. However, these RCTs of
health chatbots focused on measuring health outcomes[14-18],
and in some studies, related constructs such as engagement and
usability. None of these RCTs used direct perception questions
for the participants, such as* Did you think you were texting to
a human or a chatbot?’ (or an equivalent direct perception
question). Thus, strong evidence is till lacking to directly
quantify the impact of health outcomes depending on whether
the participants perceived humans or chatbots for the
intervention.

To address this knowledge gap, we conducted a secondary data
analysis of the HeartBot trial to examine how participants
perceived HeartBot identity as a human versus an Al chatbot
and to explore factors associated with perceptions of chatbot
identity. In the HeartBot trial, the chatbot introduced itself as
HeartBot at the beginning of the conversation, but it did not
explicitly indicate that participants would be interacting with
an Al system. To the best of our knowledge, this is the first
study to explicitly ask participants whether they perceive an
interaction as human or from a chatbot (HeartBot) in the health
carefield. Thus, the findings of the proposed secondary analysis
can provide unique, preliminary evidencefor future health care
research.

https://ai.jmir.org/2026/1/e67717

Design and Sample

We conducted a secondary analysis of the HeartBot trial, a
quasi-experimental study. Study details have been reported in
studies by Fukuoka et al [9] and Kim et a [10Q]. In brief, the
HeartBot trial aimed to evaluate the usability and potential
efficacy of the fully automated Al HeartBot in increasing
women's awareness and knowledge of heart attack risk and
symptoms. Eligible participants were invited to interact with
the HeartBot through SMS text messaging. The eligibility
criteriaincluded women aged 25 years or older, residing in the
United States, proficient in English, possessing a cell phone
with texting capabilities, having internet access, without
self-reported cognitive impairment or ahistory of heart disease
or stroke, and not being a health care provider or student in a
health carerelated field. We followed the STROBE
(Strengthening  the Reporting  of Observational  studies
in Epidemiology) reporting guidelines [19] (Multimedia
Appendix 1).

Conceptual Framework for HeartBot

When we began the HeartBot project, our research team could
not identify a suitable conceptual framework for the project.
Thus, we conducted a literature review and developed a new
conceptual framework, the Al chatbot behavior change model,
to guide the design and evaluation of chatbots for health
behavior change. The detailed description of this framework
was published in 2020 [8], and since then, it has been cited in
other published studies. In brief, the Al chatbot behavior change
model consists of four major domains: (1) designing the chatbot
characteristics and understanding user backgrounds, (2) building
relational capacity, (3) building persuasive conversational
capacity, and (4) evaluating mechanisms and outcomes.
Multimedia Appendix 2 provides explanationsfor each domain,
along with relevant exampl es. The proposed secondary analysis
is explored in domain 4, “evaluating mechanisms and
outcomes,” including conversational quality (eg, message
humanness) and user experiences (eg, message effectiveness).
We acknowledge that we cannot thoroughly examine all
subdomains listed in domain 4, since this study is a secondary
analysisof the HeartBot trial. However, the preliminary findings
fromthis study can help further improvethe Al chatbot behavior
change model and may ultimately assist in designing and
evaluating Al chatbotsin health care more effectively.

HeartBot | ntervention

Details of HeartBot were published in studies by Fukuokaet a
[9] andKim et al [10]. HeartBot was devel oped by investigators
using the Google Dialogflow CX platform [20], a natural
language understanding platform to create virtual agents.
HeartBot connected with Twilio [21] for inputsfrom participants
and output from HeartBot to be sent to each other over SMS
text messages. Messages for HeartBot were manually crafted,

JMIR Al 2026 | vol. 5| e67717 | p.224
(page number not for citation purposes)


http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR Al

including the potential responses. HeartBot conversed about
topics such as symptoms, risk factors, and treatment of heart
attacks, and the investigators checked the readability of HeartBot
messages. The content of HeartBot was developed and tested
by the cardiovascular experts and investigators based on the
latest guidelines and evidence to ensure full control over the
content presented to participants and to minimize the risk of
having the system dispense false or misleading information. At
the beginning of the conversation, the chatbot introduced itsel f
as HeartBot; however, it did not explicitly indicate that
participantswould beinteracting with an Al system. In addition,
personalization and empathic responses were included to
improve participants experience and engagement. For
participants' safety, the introduction message included the
following medical emergency notice: “If you are experiencing
amedical emergency, please call 911 immediately.”

Procedure

Participants were recruited through social media (eg, Meta's
Facebook and Instagram) advertisements placed from October
2023 to January 2024, using targeting strategies that aim to
reach racially and ethnically diverse demographics (eg, Hispanic
or Latino and Black or African American women). Those
interested in the research were redirected to an online screening
form, which included the study aims, procedures, and benefits
and risks of participation. The research team contacted the
potential participants who met all eligibility criteria and asked
them to sign an electronic consent form. Upon obtaining written
consent, participants were asked to complete an online baseline
survey consisting of sociodemographic status, cardiovascular
risks, medication intake, and previous Al chatbot use. After
confirming the completeness of the online survey, the research
staff provided the study telephone number to start the
conversation with HeartBot, where they could exchange SMS
text messages with HeartBot. The participants were able to
interact with HeartBot 24 hours a day, 7 days a week, from
anywhere in the United States. Research staff monitored the
conversations between HeartBot and participants to ensure
participants' safety and verify the accuracy of information
provided by HeartBot. After 4 to 6 weeks of the HeartBot
interaction, participants were asked to complete an online
postintervention survey, including Al chatbot interaction
experience and evaluations. All online surveys were
administered by Research Electronic Data Capture (Research
Electronic Data Capture) [22], a secure online tool used to
manage study data.

M easures

Baseline Measures: Sociodemographic Characteristics,
Cardiovascular Risks, Medication, and Past Al Chatbot
Use

Sociodemographic factors, such as age, race or ethnicity,
education, household income, marital status, employment status,
and immigration experienceto the United States, were collected
from participants in the baseline survey. Data collected at
baseline included self-reported cardiovascular risks, including
menopause, BMI (kg/m? calculated with height and weight),
smoking in the past 30 days, physical activity =150 mins per

https://ai.jmir.org/2026/1/e67717
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week, family history of heart disease, prescribed blood pressure,
cholesterol, diabetes medication, and daily aspirin intake. The
cardiovascular risk factor variables were selected based on the
latest clinical guidelines [23]. We assessed past Al chatbot use
experience with the following question: “Have you used any
chatbot in the past 30 days? There were 2 response
options—yes and no.

Postintervention Measures

Al Chatbot Interaction

In the postintervention survey, we measured several metrics
indicating users' interaction patterns with HeartBot, including
users word count, the time spent in conversation in minutes,
and the number of questions asked by users.

M essage Humanness

In the Al chatbot behavior change model [8], message
humanness is categorized as the “conversational quality” in
domain 4, “evaluating mechanisms and outcomes,” which
measures the degree of perceived humanness in chatbot
conversations. Participants rated the humanness of the message
using the* anthropomorphism scal€’ [24] in the postintervention
survey. The scale consists of 5 items (natural vs fake,
human-like vs machine-like, consciousvsunconscious, lifelike
vsartificial, and adaptive vsrigid) using a 7-point Likert scale
based on a horizontal visual analog scale. The scores on the
scale were summed and averaged to create a mean composite
score. A higher score indicates more human-like HeartBot
messages. The scale was developed based on a previous study
[24]. The interna consistency of the scale was strong with
Cronbach a=0.90 in our study sample, indicating a high level
of internal consistency.

M essage Effectiveness

In the Al chatbot behavior change model [8], message
effectiveness is classified under “user experiences’ in domain
4, evaluating mechanisms and outcomes, ng the perceived
usefulness and convenience of chathot interactions. Participants
rated the self-reported effectiveness of chathot messages using
the “effectiveness scale” in the postintervention survey. The
scale was originaly developed based on previous literature
[25,26]. The scale consists of 5 items (effective vs ineffective,
helpful vs unhelpful, beneficial vs not beneficial, adequate vs
not adequate, and supportive vs not supportive) using a 7-point
Likert scale based on ahorizontal visual analog scale. The scores
on the scale were summed and averaged to create a mean
composite score. A higher score indicates greater message
effectiveness of HeartBot. Theinternal consistency of the scale
was strong, as evidenced by Cronbach a=0.93 in our study
sample.

Attitude Toward Al

Toinvestigate the attitude toward Al chatbots, participants were
asked the following question on the postintervention survey:
“How positive or negative do you feel about the use of artificial
intelligencein healthcare?” There are 5 response options—very
positive, positive, neutral, negative, and very negative.
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Per ception of Chatbot | dentity (Human vs Al Chatbot)

To determine the perception of the identity of HeartBot,
participants were asked the following question at the
postintervention survey: “Do you think you texted a human or
an artificial intelligent chatbot during your conversation?”
There were 2 response options—human or artificial agent.

Statistical Analysis

Descriptive analyses were used to describe participants
sociodemographic  backgrounds, cardiovascular  risks,
medication, and Al chatbot interactions and evaluations. The
sample was split based on the perception of chatbot identity as
ahuman versus an artificial agent. Chi-square test, Fisher exact
test, and Wilcoxon rank-sum test were used to compare the
differences in baseline sample characteristics of the 2
subsamples.

Race or ethnicity and education were recoded into dichotomous
variables: non-White or White and “completed college or
graduate school” or “less than high school or did not complete
college,” respectively, in alogistic regression analysis. Attitude
toward the Al chatbot was divided into 3 categories: positive,
neutral, and negative. Recoding severa variableswas aimed at
improving statistical power.

Additionally, univariate logistic regression anayses were
performed to estimate the rel ationships between the dependent
variable (ie, the perception of chatbot identity) and each
independent variable with sociodemographic factors, previous
Al chatbot use, Al chatbot interaction, and Al chatbot
evaluation. Thelogistic regression analyses cal culated the point
estimate and 95% Cl of the oddsratio (OR), which isassociated
with the perception of the chatbot identity as being a human.
In the logistic regression analyses, if the 95% CI of the OR
includes 1.0, there is no statistically significant relationship
between the independent and dependent variables.

Finaly, a multivariable logistic regression analysis was
conducted to determine factors that were associated with
participants' perception of the chatbot identity as being ahuman.
The final multivariable regression model includes age, race or
ethnicity, education, previous Al chatbot use, conversation
lengths with HeartBot, message humanness, message
effectiveness, and attitude toward Al. The independent variables
ensured face validity (ie, age, race, and education), and the
potential confoundersreferredto in literature [22] were entered
into a multivariate regresson model. The other potential
confounding factors were sel ected from the Al chatbot behavior

https://ai.jmir.org/2026/1/e67717

Suzuki et al

change model [8], including previous Al chatbot use,
conversation lengths with HeartBot, message humanness,
message effectiveness, and attitude toward Al. This model
guided our selection of covariates to better understand how
participants evaluated the interaction and how specific
communication features may have affected their experience.
Multicollinearity wastested to ensure that independent variables
were not highly correlated. The variance inflation factor values
of al independent variables ranged from 1.13 to 2.12 (mean
1.47; SD 0.83), indicating an acceptable range and no
multicollinearity in the variables. Statistical significance was
set at a2-sided P value<.05. All analyses were performed using
Stata (version.18.0; StataCorp) [27].

Ethical Consider ations

This study adhered to the ethical principles outlined in the
Declaration of Helsinki and received approval from the
University of California, San Francisco Institutional Review
Board (approval 23 - 39793). Written informed consent was
obtained from all participants before enrollment. Participation
was voluntary, and participants could withdraw at any time
without penalty. All datawere deidentified before analysis and
stored on secure, password-protected servers accessible only to
the research team. Participants who completed all study
procedures received a US $20 Amazon electronic-gift card as
compensation.

Results

Sample Characteristics

Multimedia Appendix 3 presents screening, enrollment, and
follow-up of the study participants. A total of 92 participants
completed the baseline, HeartBot interaction, and
postintervention surveys (Table 1). The mean age of participants
was 45.9 (SD 11.9, range 26-70) years. Intotal, 40% (n=37) of
participants identified their race and ethnicity as White or
Caucasian, 24% (n=22) asBlack or African American, and 21%
(n=19) as Hispanic or Latino Americans. Furthermore, 72%
(n=66) reported completing college or graduate school. Of the
total, 45% (n=41) of participants reported experiencing
menopause; 36% (n=33) of participantsreported their BMI was
30 or above; and 27% (n=25) reported taking blood pressure
medication. In addition, 58% (n=53) reported experiencing a
previousinteraction with an Al chatbot. The most popular types
of chatbotswere ChatGPT (OpenAl; n=22, 24%) and Siri (Apple
Inc; n=20, 22%).
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Table 1. Sample characteristics in respondent perception of chatbot identity as a human versus an artificial agent (N=92).

Characteristics Overall (N=92) Human (n=31) Artificial agent (n=61)  p yqyc®

Sociodemogr aphic factors

Age (y), mean (SD; range) 45.9 (11.9; 26-70) 46.3 (12.2; 28-70) 45.6 (11.9; 26-68) 82
Race or ethnicity, n (%) 41
American Indian or Alaskan Native 1(1.1) 0(0) 1(1.6)
Asian 6 (6.5) 4(12.9) 2(33)
Black or African American 22 (23.9) 9(29) 13(21.3)
Hispanic or Latino 19 (20.7) 4(12.9) 15 (24.6)
Native Hawaiian or Other Pacific |slander 2(2.2) 0(0) 2(3.3)
White or Cauicasian 37(40.2) 12(38.7) 25 (41)
More than 1 race or ethnicity 5(.4) 2(6.5) 3(4.9)
Education, n (%) 27
No more than high school or did not complete 26 (28.3) 11 (35.5) 15 (24.6)
college
Completed college or graduate school 66 (71.7) 20 (64.5) 46 (75.4)
Household income, n (%) .16
Less than $75,000, do not know, or declineto 33 (57.6) 21 (67.7) 32 (52.5)
respond
$75,000 or above 39 (42.4) 10 (32.3) 29 (47.5)
Marital status, n (%) .76
Never married 21 (22.8) 8(25.8) 13(21.3)
Currently married or cohabitating 59 (64.1) 20 (64.5) 39 (63.9)
Divorced or widowed 12 (13) 3(9.7) 9(14.8)
Employment status, n (%) a7
Employed full-time or part-time 56 (60.9) 18 (58.1) 38 (62.3)
Unemployed or looking for ajob, student, or 17 (18.5) 7 (22.6) 10 (16.4)
homemaker
Retired, disabled, or other 19 (20.7) 6 (19.4) 13(21.3)
Immigration experience to the United States, n (%) 12 (13) 5(16.1) 7(11.5) 37

Cardiovascular risk factors or medication intake

Menopauise, n (%) 41 (44.6) 14 (45.2) 27 (44.3) 94
BMI (kg/m 2 ), n (%) 084
Less than 30 58 (63.7) 16 (51.6) 42 (70)
30 or above 33(36.3) 15 (48.4) 18 (30)
Smoking in the past 30 days, n (%) 14 (15.2) 4(12.9) 10 (16.4) 46
Physical activity =150 min per week, n (%) 56 (60.9) 20 (64.5) 36 (59) 61
Family history of heart disease, n (%) 13 (14.2) 4(12.9) 9(14.8) 54
Blood pressure medication, n (%) 25(27.2) 6(19.4) 19(31.2) .23
Cholesterol medication, n (%) 16 (17.4) 5(16.1) 11 (18) .82
Diabetes medication, n (%) 17 (18.5) 6 (19.4) 11 (18) .88
Taking aspirin daily, n (%) 13 (14.2) 5(16.1) 8(13.1) 46
HeartBot interaction
Previous AI® chatbot use, n (%) 53(57.6) 17(54.8) 36 (59) 70
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Characteristics Overall (N=92) Human (n=31) Artificial agent (n=61)  p yque®
Conversation length (words), mean (SD; range) 82.5 (61.9; 34-377) 81.8 (67.0; 36-360) 82.8 (59.8; 34-377) .18
Conversation length (minutes), mean (SD; range)  13.0 (7.8; 5.6-42.2) 13.1(9.6; 5.6-42.2) 12.9 (6.8; 5.6-40.3) .33
Number of questions asked to HeartBot (at least 27 (29.4) 7(22.6) 20(32.8) 31

one), n (%)
HeartBot evaluation
Message humanness, mean (SD; range) 5.2(1.2; 2.0-7.0) 5.7(1.1; 3.4-7.0) 4.9 (1.2; 2.0-7.0) .003
M essage effectiveness, mean (SD; range) 5.7 (1.2; 1.0-7.0) 5.9(0.9; 3.4-7.0) 5.6 (1.4; 1.0-7.0) 62
Attitudetoward Al, n (%) >.99
Positive 35(38) 12(38.7) 23(37.7)
Neutral 44, (47.8) 15 (48.4) 29 (47.5)
Negative 13 (14.1) 4(12.9) 9(14.8)

3P value was calculated by chi-square test, Fisher exact test, or Wilcoxon rank-sum test.

BAI: artificial intelligence.

HeartBot | nteraction

As illustrated in Table 1, while 34% (n=31) of participants
identified the chatbot as a human, 66% (n=61) of participants
reported they interacted with an artificial agent. The mean (SD,
range) and median (IQR) of conversation length with HeartBot
by word count and minute were 82.5 (SD 61.9, range 34-377),
64.5 (IQR 46.0-49.0) words and 13.0 (SD 7.8, range 5.6-42.2),
10.6 (IQR 8.5-13.9) minutes, respectively. The mean scores of
message humanness and message effectiveness were 5.2 (SD
1.2, range 2.0-7.0) and 5.7 (SD 1.2, range 1.0-7.0), respectively.
Furthermore, 38% (n=35) of participants had a positive feeling
for Al. In the bivariate analysis, the mean score of message
humanness was significantly higher in the group who answered

https://ai.jmir.org/2026/1/e67717

the chatbot identity as a human compared with the group who
thought they were interacting with an artificial agent (P=.003).

Table 2 presents the unadjusted and adjusted ORs from
multivariable logistic regression analysis results for predicting
the perception of chatbot identity asahuman versusan artificial
agent. In the unadjusted model, the score of message humanness
was significantly associated with the perception of chatbot
identity as a human compared with an artificia agent
(unadjusted OR 1.81, 95% Cl 1.19-2.77; P=.006). Inthe adjusted
model, only the score of message humanness was significantly
associated with the perception of chatbot identity as a human
compared with an artificial agent (adjusted OR 2.37, 95% ClI
1.26-4.48; P=.007), controlling for age, race or ethnicity,
education, previous Al chatbot use, conversation length with
HeartBot, message effectiveness, and attitude toward Al.
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Table 2. Unadjusted and adjusted odds ratios from multivariable logistic regression analysis for predicting the perception of chatbot identity as being

ahuman (N=92).

Variables OR?(95% Cl) P value AOR® (95% Cl) P vaue
Age 1.01 (0.97-1.04) 79 0.99 (0.95-1.04) .80
Race and ethnicity
Non-Hispanic White 1 (Reference) _c 1 (Reference) —
Non-Whited 1.10 (0.45-2.66) 83 1.15(0.37-3.57) 81
Education
L ess than high school or did not complete col- 1 (Reference) — 1 (Reference) —
lege
Completed college or graduate school 0.59 (0.23-1.52) .28 0.56 (0.19-1.66) .29
Previous Al ® chatbot use
No 1 (Reference) — 1 (Reference) —
Yes 0.84 (0.35-2.02) .70 0.93(0.31-2.79) .90
Conversation length (words) 1.00 (0.99-1.01) .94 1.00 (0.99-1.01) .93
Message humanness 1.81(1.19-2.77) .006 2.37(1.26-4.48) .007
M essage effectiveness 1.23(0.84-1.81) 29 0.70 (0.37-1.33) 28
Attitude toward Al
Negative 1 (Reference) — 1 (Reference) —
Neutral 1.16 (0.31-4.41) 82 1.16 (0.22-6.07) 87
Positive 1.17 (0.30-4.62) 82 1.01 (0.16-6.43) .99
80R: odds ratio.
BAOR: adjusted odds ratio.
®Not applicable.

dNon-Whiteincluded American Indian, Alaskan Native, Asian, Black or African American, Hispanic or Latino, Native Hawaiian, other Pacific Islander,

and multiracial individuals.
EAl: artificial intelligence.

Discussion

Principal Findings

This study explored whether and why peopl e attribute different
identitiesto an Al chatbot, specifically examining the extent to
which Al chatbots are perceived as ahuman versus an artificial
agent among women, and identified key factors influencing
these perceptions. A key finding in this study was that women
who perceived a higher degree of message humanness were
more likely to identify the chatbot (HeartBot) as human. In
contrast, neither the message effectiveness nor general attitudes
toward Al influenced the perception of the chatbot identity.
These results suggest that human-like chatbot communication
is critical in shaping users perceptions of chatbot identity.
However, in this secondary data analysiswith alimited sample
size (N=92), we were unable to sufficiently adjust for cultural,
demographic, or contextual characteristics. Thus, caution needs
to be exercised when interpreting message humannessin relation
to identifying the chatbot as human.

This study’s findings are consistent with existing research
findings. According to Go and Sundar [28], 3 factors that
influence humanness among Al chatbots are visual cues (eg,
using human figures), conversational cues (eg, interactive or

https://ai.jmir.org/2026/1/e67717

contingent messages), and identity cues (eg, human-like names
or identities). Conversational cuesrefer to human-like contingent
conversational markersthat increase expectationsfor human-like
communication with chatbots, such as using empathetic phrases,
polite statements, and acknowledging users' previous responses
[29]. Such conversationa cues can enhance the humanness of
conversations delivered by chatbots. Assessing the
characteristics of conversational cuesand perceived humanness
in conversations with Al chatbots is important because how
users perceive a chatbot’s identity can have implications on
their expectations and eval uations of the chatbot’s performance
and effectiveness. If users assume the chatbot identity as an
artificial agent, they are more likely to assess the quality of
chatbot performance based on their existing stereotypes of
chatbots [12,28,29]. In contrast, if they assume a chatbot is
human, they are more likely to assess the quality of chatbot
performance based on their expectations of other humans.
Typicaly, when users perceive a chatbot as more human-like,
they expect better and more natural performance from the
chatbot than when they perceiveit asan Al agent [12,28,29].

Subjective expectations of the chatbot’s performance matter,
and if these expectations are not met, user evaluations of the
chatbot will be poorer. This is explained by the “expectancy
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violation effect” [30]. Thus, calibrating users’ expectations of
Al chatbots is an important consideration in designing the
characteristics and conversationa features of chatbots. For
instance, past research has shown that message contingency,
defined as human-like continuous dialogues remembering
previous responses, could enhance a chatbot’s social presence,
which further increased users perceived intelligence and
friendliness of the chatbot [28]. In our study, even though all
participants were informed that they were interacting with a
chatbot named “HeartBot,” a significant portion of the women
still thought they were interacting with a human. This
“misperception” could be due to the fact that they highly
evaluated the chatbot messages' naturalness and humanness.

Interestingly, the message effectiveness and attitude toward the
HeartBot conversations were not significantly associated with
the perception of chatbot identity in thisstudy. A previous study
similarly revealed that the actual performancelevel of achatbot
did not influence its perception as a human [31]. Our findings
indicatethat perceiving an Al chatbot asahuman or an artificial
agent is largely dependent on the encoding and decoding of
actual conversational messages, rather than the conversational
context or the impact of the conversation.

While previous research studies have shown the importance of
anthropomorphic cues in chatbot perception [28,29], little is
known about how these perceptions play out in health care
contexts, where the stakes are not just user satisfaction or
technology adoption, but also patient trust in the information,
readiness to change, willingness to follow Al-generated health
advice, and adherence to recommendations. We highlight that
this study offersanovel health care—focused theoretical insight
by showing that even when message effectiveness is held
constant, message humanness (indicating relational or
human-like qualities in chatbot communication) significantly
shapes how participants perceive the chatbot identity, which
can, in turn, influence their openness to engaging with and
trusting digital health tools.

Whilethe chatbot introduced itself as HeartBot at the beginning
of the conversation, approximately 1 in 3 participantsincorrectly
perceived that they were interacting with a person. Since the
univariate and multivariate analyses showed the nonsignificant
relationships between sociodemographic factors and the
perception of the chatbot identity, the perceived message
humanness level may influence the perception of the chatbot
identity regardless of differences in sociodemographic factors
among women.

Considering ethical concernsfor Al chatbot applicationsin the
health carefield, thisstudy highlightsthat system designersand
researchers need to recognize that some users may perceive
they areinteracting with aperson, while othersmay find it clear
that they areinteracting with an Al chatbot. Thismisperception
can lead users to develop unrealistic expectations of the
chatbot’s capabilities, potentially impacting informed consent
and clinical decision-making. While earlier research showed
that using human identity or strategically hiding Al chatbots
identity may be advantageous in enhancing the user experience
[32-34], we argue it is no longer ethica and can be
counterproductive in forming the right expectations and useful
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interactions with Al chatbots. In this study, the chatbot
introduced itself as HeartBot at the beginning of the
conversation. However, the findings of this study suggest that
this alone may be insufficient to prevent the misperception of
the chatbot identity asahuman. Therefore, we recommend that
future research in health chatbot design need to prioritize explicit
and repeated chatbot identity disclosure, with clear
communication of the chatbot’s capabilities, limitations, and
datause policies before user interaction. These practiceswould
protect user autonomy and clinical decision-making processes.
Given the limited number of health intervention studies that
examine how identity disclosure affectstrust with an Al chatbot,
further investigation in this areais warranted.

Other ethical concerns when designing human-like chatbotsin
health care contextsinclude overtrust in an Al chatbot, fairness
and bias, and accountability. First, a highly empathetic or
responsive chatbot might foster overtrust with an Al chatbot,
leading userstorely onit instead of seeking professional health
support. This could compromise patient safety and delay
appropriate care because Al agorithms sometimes make
inaccurate clinical recommendations and provide inaccurate
health information [35]. To avoid these issues, it is necessary
for system developers and researchers to inform users of the
boundaries of what the Al chatbot can and cannot do. Second,
Al systems can be biased, which may perpetuate existing health
disparities, particularly when interacting with marginalized
groups. For example, an Al algorithm based on research from
predominantly White participants may discriminate against
racially and culturally minority communities or lead to
inaccurate provision of information [35,36]. Assessing the
potential biasin the dataset or model design, and incorporating
inclusive designs with diverse user input, are essentia to
mitigate bias. Third, when an Al chatbot gives incorrect or
harmful health advice, it is unclear who is responsible for the
chatbot’s outputs. Lack of accountability may undermine trust
inan Al chatbot and user safety. If arecommendation made by
a clinical decision supporting Al chatbot leads to a negative
outcomefor users, it is unclear who to assign the responsibility
to or to prevent it from happening again. Clear definitions of
accountability and Al systems for feedback and redress when
misinformation occurs are needed to enhance users
trustworthiness with an Al chatbot and to prevent poor patient
outcomes. In summary, addressing overtrust, bias, and
accountability iscrucial when designing human-like Al chatbots
to ensure user safety and trust.

The findings of this study offer valuable clinical implications
for designing human-like Al chatbotsthat can support innovative
health interventions, including chronic disease management,
symptom monitoring, counseling, and health education. For
example, an Al chatbot with human-like features that monitors
patient data and provides personalized lifestyle
recommendations may enhance patient trust and motivation,
thereby improving retention and adherence to preventive
interventions for chronic diseases. Given the limited empirical
evidencethat directly tested the rel ationship between human-like
chatbot characteristics and heath outcomes, further
investigations are needed to clarify these relationships and
optimize chatbot designs for health interventions.
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Limitations

It is important to acknowledge severa limitations when
interpreting the study’ sfindings. First, the convenience sampling
method may have affected the study findings due to selection
bias. Second, only female adults in the United States were
included in the HeartBot program, which may limit the
generalizability of the findings to male adults and populations
in other countries. Third, we could not conduct the subgroup
analysis due to the limited sample size (N=92). Furthermore,
since the sample size was limited, the findings should be
interpreted with caution and considered hypothesis-generating
rather than confirmatory. Finally, the anthropomorphism scale
and the effectiveness scale are self-report instruments. While
the Cronbach a showed high internal consistency in both scales
(Cronbach a=0.90 and 0.93, respectively), it may not objectively
reflect the conversation quality with HeartBot. These
self-reported measures may lead to overestimating the level of
message humanness or message effectiveness. Future studies
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are needed to combine subjective and objective measures to
evaluate the conversation quality of the human-chatbot
interactions.

Conclusion

Thisstudy highlightsthe significant role that perceived message
humanness plays in shaping the user’'s perception of chatbot
identity. Conversely, message effectiveness and attitudes toward
Al did not significantly influence the perception of the chatbot
identity as being a human. Findings suggest that the perceived
human-like attributes primarily drive usersto attribute ahuman
identity to the chatbot, specifically in health care settingswhere
user trust and engagement are crucia. This study provides a
theoretical foundation for understanding human-Al chatbot
interactions and offers practica insights for designing
person-centered Al chatbots in health care. Further research is
needed to explore the rel ationship between message humanness,
chatbot identity, and health outcomes to optimize the design of
Al chatbots in the health-related fields.
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Abstract

Background: Largelanguage models (LLMs) have been shown to answer patient questionsin ophthalmology similar to human
experts. However, concernsremain regarding their use, particularly related to patient privacy and potential inaccuraciesthat could
compromise patient safety.

Objective: This study aimed to compare the performance of an LLM in answering frequently asked patient questions about
glaucomawith that of a small language model (SLM) trained locally on ophthalmology-specific literature.

Methods: We compiled 35 frequently asked questions on glaucoma, categorized into 6 domains, including pathogenesis, risk
factors, clinical manifestations, diagnosis, treatment and prevention, and prognosis. Each question was posed to bothaSLM using
aretrieval-augmented generation framework, trained on ophthal mol ogy-specific literature, andtoaLLM (ChatGPT 4.0, OpenAl).
Three glaucoma specialists from asingle institution independently assessed the answers using a 3-tier accuracy rating scale: poor
(score=1), borderline (score=2), and good (score=3). Each answer received a quality score ranging from 3 to 9 points based on
the sum of ratings from the 3 graders. Readability grade level was assessed using 4 formulas, such as the Flesch-Kincaid Level,
the Gunning Fog Index, the Coleman-Liau Index, and the Simple Measure of Gobbledygook Index.

Results: The answersfrom the SLM demonstrated comparable quality with ChatGPT 4.0, scoring mean 7.9 (SD 1.2) and mean
7.4 (SD 1.5), respectively, out of atotal of 9 points (P=.13). The accuracy rating was consistent overall and across all 6 glaucoma
care domains. Both models provided answers considered unsuitable for health care—related information, as they were difficult
for the average layperson to read.

Conclusions: Both models generated accurate content, but the answers were considered challenging for the average layperson
to understand, making them unsuitable for health care-related information. Given the specialized SLM’s comparabl e performance
to the LLM, its high customization potential, lower cost, and ability to operate localy, it presents a viable option for deploying
natural language processing in real-world ophthalmology clinical settings.

(IMIR Al 2026;5:€72101) doi:10.2196/72101

KEYWORDS
online health information; ChatGPT4.0; glaucoma; large language model; small language model

particularly notable in its fourth generation, ChatGPT 4.0, has
offered anovel and appealing way for patientsto access medical
information [4,5]. This trend is underscored by the growing
reliance on the internet for hedth-related information, a

Introduction

Recent progressin natural language processing (NLP) hasbeen
observed in health care, showcasing innovative approaches to

preventive measures, diagnostics, and patient assistance.
Specifically, large language models (LLMs) such as ChatGPT
(OpenAl) have emerged as prominent tools in the field of
ophthalmology and other medical speciaties since their
introduction in November 2022 [1-3]. The conversational
interface of ChatGPT and its unsupervised learning approach,

https://ai.jmir.org/2026/1/€72101

phenomenon that has become increasingly common among
patients. A survey in the United States revealed that two-thirds
of adults turn to the internet for health information, with
one-third using it for self-diagnosis[6]. However, despite these
advancements and the increasing usage of digital resources for
health information, the inability of ChatGPT to provide source
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citations remains a significant drawback, compromising its
reliability and limiting its utility in clinical settings[5,7].

Recent literature has explored the role of LLMs in different
ophthalmological scenarios. For example, Cai et a [8]
demonstrated strong performance of ChatGPT models in
ophthalmology board-style certification questions, underscoring
their educational potential in training ophthalmologists. Huang
et al [9] showed that ChatGPT's diagnostic capabilities in
glaucoma could sometimes surpass those of ophthalmology
residents, emphasizing their clinical utility in differential
diagnosis and management. Additionally, Raghu et a [10]
identified the potential use of LLMs for diabetic retinopathy
risk assessment, although they noted several limitations that
restrict clinical deployment.

The substantial number of tasks that LLMs can perform
highlights their potential for innovative research; however, the
substantial computational demands for customizing these
models, which may include over 100 billion parameters, present
a dignificant challenge, making the technology largely
unattainable due to computational resource limitations[11]. In
this context, small language models (SLMs) have emerged as
a practical aternative [12]. These scaled-down models offer
advantagesin terms of computational efficiency, ease of access,
and customizability because they require fewer resources and
facilitate deployment in more specific contexts [12]. Their
adaptability to specific needs and functions allows for the
development of precise and accessible NLPtoolsby leveraging
targeted, high-quality references, demonstrating a promising
path for specialized applications[12]. SLM can also beused in
a closed local network without an internet connection, which
diminishes the concerns about patient privacy and leakage of
personal health information.

More recently, the use of retrieval-augmented generation (RAG)
frameworks in natural language models has enabled precise
query processing and the generation of highly accurate and
relevant responses. By encoding and vectorizing documents,
RAG allows language models to access externa information,
extending their knowledge beyond what was available in the
training data. Furthermore, by integrating external data, RAG
enables natural language models to effectively provide source
citations, thereby bolstering the credibility of the generated
content [13,14].

Despite the growing body of literature evaluating the use of
LLMsin ophthalmology, the performance of alocally deployed
domain-specific SLM remains unexplored. Therefore, thisstudy
assessed the efficacy of SLM enhanced with RAG technology
compared to ChatGPT 4.0 for answering common patient
inquiries regarding glaucoma. Glaucoma specialists evaluated
the quality of the answers, and the level of readability was
assessed using standardized methods.

Methods

Study Design
This study was conducted at the Ophthalmology Department

of the Bascom Palmer Eye Ingtitute (BPEI) in Miami. Patient
information was not included in this study. Between January
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and February 2024, commonly asked questions related to
glaucoma care were queried from reputable online health
information outlets, such as the American Glaucoma Society
(AGS) and Eye Care Forum, which enables patients to ask
guestions and receive answers from the American Academy of
Ophthalmology (AAO)—affiliated ophthalmologists.

Three fellowship-trained glaucoma specialists refined the first
pool of 60 questions extracted from online resources by
independently selecting those they considered as frequently
asked in a glaucoma outpatient clinic setting. The 35 questions
that all specialists considered frequent and common questions
from patients with glaucoma were separated for analysis and
categorized into 6 domains, such as pathogenesis, risk factors,
clinical presentation, diagnosis, treatment and prevention, and
prognosis (Multimedia Appendix 1).

Development of the Ophthalmology-Specific SLM

Our ophthalmology-specific SLM was developed based on the
Hugging Face and Haystack algorithms[15,16]. These models
serve as aplatform for building and deploying NLP models by
performing  indexing, information  retrieval, and
guestion-answering tasks. Specifically, we adopted Mistral 7B,
a 7-billion-parameter model, as the SLM [17]. We trained the
SLM model using 60 ophthalmology books and 7862 papers
from 17 MEDLINE-indexed ophthalmology journalsfrom 2017
to 2023. This process yielded 366,924 snippets, which are
succinct excerpts of information extracted from the dataset.
These snippets play a crucia role in the operation of RAG,
enabling the model to discern the most pertinent information
required to address a given question effectively. RAG uses
snippets to understand which information is most relevant to
answering the specific question asked. These were provided in
PDF format to Haystack [16], which processed and split the
text into 500-word chunks with 100 words of overlap. These
word chunks were converted into model embeddings using the
Wherel sSAI/UAE-Large-V1 model for training [18] and stored
in the Haystack Facebook Artificial Intelligence Similarity
Search database. This database is an open-source vector store
and search engine that allows for the storage and retrieval of
parts of a document relevant to the question being asked. For
each question, the 3 most rel evant 100-word chunks of text from
the reference material were provided aongside the
ophthalmol ogy question when prompting the language models.
We set the temperature to 0.5, the token limit to 500, and top-p
to 1.0. We systematically searched publicly available literature
databases, including PubMed and Google Scholar, using the
keyword “ophthalmology” to construct the
ophthal mol ogy-specific dataset integrated with the RAG system.
We prioritized open access documents published in
peer-reviewed journals and directly relevant to clinical
ophthalmic knowledge.

Large Language M odel

For comparison with LLMs, we used ChatGPT 4.0, devel oped
by OpenAl, a 1.8 trillion-parameter LLM [19]. ChatGPT is a
generative artificial intelligence LLM chatbot that interactswith
text and engages in human-like interactions [19]. It is built on
the GPT architecture and was initialy trained on extensive
amounts of text from books, papers, and online sources. The
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model’s training process involves minimizing the difference
between the expected and actual wordsin the dataset, enabling
it to produce coherent text based on presented prompts[20,21].
Later versions, such as ChatGPT 4.0, have enhanced their
functionalities, with over 1 hillion users globally [22]. The
performance of the LLM model was assessed using the currently
available online version at the time of the study, and only the
first response for each question was documented. We used the
same inference hyperparameters to ensure comparability with
the SLM, with a temperature of 0.5, atoken limit of 500, and
top-p set to 1.0.

Prompt Design

Each question was presented to the language models as a
standardized prompt, following recent recommendations to
maximize the performance of language models[23]. A prompt
acts as a clear instruction provided to a language model to
generatethe desired output, in our case, an answer to aquestion
frequently asked by a patient with glaucoma. The language
models were all prompted in a zero-shot fashion, meaning that
no examples of questions were provided in the prompt. The
prompt was specific and contextual: “Act as a glaucoma
specialist during a medica appointment and answer the
following question considering it was asked by a patient.” The
same prompt was used for the SLM and LLM before each of
the 35 selected questions was presented as a stand-al one query.
After each query, the conversation was reset to minimize the
memory retention bias. All generated responseswere formatted
as plain text to conceal chatbot-specific features and randomly
shuffled before being presented to 3 ophthalmologists for
grading of glaucoma.

Accuracy and Quality Evaluation

Each answer was evaluated by 3 glaucoma specialists (MG,
LB, and VVC). Thelanguage models’ identitieswere concealed
to prevent bias, and the presentation order was randomized for
thegraders. Their main task wasto individually rate the accuracy
of language model responses on a 3-point scale:+1 for responses
containing inaccuraciesthat could significantly mislead patients
and potentially cause harm (ie, “poor”);+2 for responses with
possible factual errors, but unlikely to mislead or harm patient
(“borderling”); and +3 for “good” or error-free responses. Each
response’s total quality score was calculated by summing the
scores of all 3 graders, with aminimum possible score of 3 and
amaximum possible score of 9. In addition, we used amajority
consensus approach to obtain an “overall” accuracy rating for
each chatbot response, considering the most common rating
among the 3 graders. In cases where there was no consensus
among graders (ie, each grader provided a different rating), we
adopted a stringent approach and assigned the lowest rating.
Agreement among graders was evaluated using Fleiss kappa.

Readability and Quality of Health Information
Evaluation

To assess the readability of the chatbot answers, each answer
was input into an online readability tool (Readable) [24]. Four
readability scaleswere used, including the Flesch-Kincaid Grade
Level, Gunning Fog Index, Coleman-Liau Index, and Simple
Measure of Gobbledygook (SMOG) Index. All readability
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formulas estimate the number of years of education required to
fully understand a text. However, each formula uses different
equationsand variablesto calculateit. The Flesch-Kincaid Grade
Level focuses on words per sentence and syllables per word.
The Gunning Fog Index considers words per sentence and
syllables per word. The Coleman-Liau Index measures the
average number of |etters per 100 words and the average number
of sentences per 100 words. The SMOG Index focuses on the
number of polysyllabic wordsin a sample of 30 sentences.

The formula's output is a number, caled the grade level,
corresponding to the years of education required to fully
understand the text. Content aimed at the public should have a
gradelevel of around 8. Texts above 17 require agraduate-level
education for complete comprehension [25].

Statistical Analysis

Statistical analyses were performed using the Stata Statistical
Software Release 18 (StataCorp LLC). The proportions of
“Good,” “Borderling” and “Poor” accuracy ratings were
compared between SLM and LLM using a2-tailed Fisher exact
test. The Wilcoxon rank-sum test was used to examine the
differences between the 2 language models’ overall answer
quality and comprehensiveness scores. Fleiss kappa was
caculated to measure interrater agreement. Statistical
significance was set at P<.05 for al analyses. Post hoc power
analysis was performed to assess the observed mean difference
in quality scores between the language models. We calculated
the standardized effect size based on the observed means and
pooled SD and estimated statistical power using a 2-tailed t test
with an a level of .05.

Ethical Considerations

In accordance with the Declaration of Helsinki, this study did
not involve patients or identifiable private information.
Therefore, review and approval by the University of Miami
Ingtitutional Review Board were not required.

Results

A total of 35 frequently asked questions from patients with
glaucomawere answered by the LLM and SLM and evaluated
by the 3 glaucoma specialists, and atotal of 105 gradings were
assigned. Theinterrater agreement, measured by Fleissk among
graders, was 0.28. The partial agreement rate between graders
was 94.3% (99/105). Acrossthe 105 individual accuracy ratings
assigned to each model, the LLM had 74% (n=78) of the
answers classified as good, 20% (n=21) as borderline, and 6%
(n=6) as poor among the graders versus 57% (n=60), 31%
(n=33), and 11% (n=12) for the SLM, respectively (P=.38). The
distribution of quality scores assigned by the graders
demonstrated slightly higher central tendency values for the
LLM but substantial overlap between models. The median
quality scorewas 8 (IQR 2) for the LLM and 7 (IQR 3) for the
SL, indicating greater variability in evaluator scoring. The
minimum and maximum observed scoreswere5-9for theLLM
and 4-9for the SLM. No statistically significant difference was
observed between the quality scores from SLM (mean 7.4, SD
1.5 points) and LLM (mean 7.9, SD 1.2 points; P=.13). Post
hoc power analysisindicated that the statistical power to detect
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this observed difference was 32.9%. Multimedia Appendix 2
details the SLM answers and the references used. Multimedia
Appendix 3 shows the answers provided by ChatGPT 4.0.

Table 1 presents an analysis of the consensus-based accuracy
ratings overall and across the 6 glaucoma care domains. There
was no difference in overall accuracy ratings between the
language models (P=.38). For each domain, both models

Faneli et a

performed similarly in al areas. The highest performance by
the SLM was in pathogenesis, with 86% (6/7) of the answers
graded as “Good,” while the lowest was in treatment and
prevention, where 28.5% (2/7) of the answers were graded as
“Poor.” Alternatively, LLM’sgreatest performing domainswere
pathogenesis, treatment and prevention, and prognosis. LLM’s
worst performance domain was risk factors, where 17% (1/6)
of the answers were graded as “ Poor.”

Table. Consensus-based accuracy ratings of natural language models responses across glaucoma care domains.

Domain Number of Small language model, n (%) Large language model, n (%) P vaue
questions Poor Borderline Good Poor Borderline Good

Pathogenesis 7 0 1(14) 6 (86) 1(14) 0 6 (86) >.99

Risk factors 6 1(17) 2(33) 3(50) 1(17) 1(17) 4(66) >.99

Clini c_al pre 6 1(17) 1(17) 4 (66) 0 3(50) 3(50) 54

sentation

Diagnosis 2 0 1(50) 1(50) 0 1(50) 1(50) >.99

Treatmentand 7 2(285) 3(44) 2(28.5) 0 1(14) 6 (86) 14

prevention

Prognosis 7 0 3(43) 4(57) 0 1(14) 6 (86) 56

Overall 35 4 (11.55) 11 (31.5) 20 (57) 2(6) 7(20) 26 (74) .38

Table 2 shows the quality scores for each natural language
model overall and throughout the 6 glaucoma care domains.
The overall quality scoresfor the SLM and LLM were 258 and

277 (P=.13), respectively. The differences in quality scores
between al the glaucoma care domains were not statistically
significant.

Table. Consensus-based quality scores of natural language models responses across glaucoma care domains.

Domain Number of questions Quality scores P vaue
Small language model Large language model
Pathogenesis 7 58 56 .62
Risk factors 6 41 46 40
Clinical presentation 6 46 46 .87
Diagnosis 2 15 14 .68
Treatment and prevention 7 46 58 .09
Prognosis 7 52 57 45
Overall 35 258 277 13

Table 3 summarizes the readability scores of the responses for
each natura language model. The mean Flesch-Kincaid grade
level was 13.2 (SD 3.2) for the SLM and 11.8 (SD 2.2) for the
LLM. For the Gunning Fog Index, mean scores were 17.7 (SD
4.3) for the SLM and 14.4 (SD 3.0) for the LLM. The mean
results of the Coleman-Liau Index were 14.7 (SD 3.0) for the

https://ai.jmir.org/2026/1/€72101

SLM compared to 12.5 (SD 1.5) for the LLM. The mean scores
of the SMOG Index were recorded as 15.98 (SD 2.9) for the
SLM and 13.9 (SD 2.1) for the LLM. In al 4 readability
classification systems, the SLM had statistically significantly
higher scores (P<.001).
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Table. Mean readability grade level for small language model and large language model responses®.
Readability scores Flesch-Kincaid gradelevel, Gunningfogindex, mean  Coleman-Liauindex, mean Simplemeasureof gobbledy-
mean (SD) (SD) (SD) gook (SMOG) Index, mean
(SD)
SLMP 132 (3.2) 17.7 (4.3) 14.7 (3.0) 15.98 (2.9)
LLMS 11.8(2.2) 14.4(3.0) 12.2(1.5) 13.9(2.1)

8p<.001 in al 3 comparisions.
bS| M: small language model.
CLLM: large language mode.

Discussion

Principal Findings

In this study, we developed and evaluated an SLM trained
specifically in ophthalmology to yield clinically relevant
information and answer frequently asked questions about
glaucoma. The responses provided by our model were as
accurate as ChatGPT 4.0, an LLM trained with billions of
parameters, as evaluated by glaucoma specialists. To the best
of our knowledge, this is the first study to compare the
performance of an SLM powered by RAG with ChatGPT 4.0,
demonstrating the feasibility of using alocal model to answer
frequently asked questions about glaucoma and provide
references for further reading.

The answers from the SLM developed in this study achieved a
mean quality score of 7.4 (SD 1.5) points, which was
comparable to the mean quality score of the LLM (7.9, SD 1.2
points out of a tota of 9 points, P=.13). Moreover, the
consensus-based accuracy ratingsfor the answers of both natural
language modelswere also considered equivalent (P=.38). The
performance of SLM was also comparable in al 6 glaucoma
domains studied, including pathogenesis, risk factors, clinical
presentation, diagnosis, treatment and prevention, and prognosis.
These results highlight the potential role of SLMs in
ophthalmology practice, as they offer a more affordable,
adaptable, and straightforward integration into actual
ophthalmology clinics. Furthermore, unlike ChatGPT 4.0, which
is not open-source and refines its model using user-provided
information, SLMs can be trained and operated locally within
an ingtitution, significantly reducing the risk of sensitive
information leakage, making them a more realistic choice for
futureintegration of natural language modelsin practical settings
[12]. A previous study by Sharir et al [26] estimated the cost of
US $80,000 per 1.5 hillion parameter model. In this context,
training a model such as ChatGPT 4.0 would require US
$96,000,000, while an SLM such as the one used in our study
would require US $373,000, a more realistic amount for many
institutions worldwide [26].

The use of naturd language models in artificia
intelligence—driven chatbots has increasingly infiltrated daily
life [27]. The ability of these models to provide immediate
answers across a wide array of inquiries has garnered
considerable interest in the health care sector [28-30]. In
ophthalmology practice, one of the most relevant applications
of natural language models is responding to patient queries
commonly encountered in practice [31-33]. Lim et a [32]
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compared the performance of 3 different LLMs in answering
frequent questions about myopia. Using a3-level grading scale
similar to our study (poor, borderline, and good), they reported
mean total scoresof 8.19 (SD 1.14) for ChatGPT-4.0, 7.35 (SD
1.70) for ChatGPT-3.5, and 7.13 (SD 1.63) for Google Bard.
Regarding categorical ratings, 80.6% of ChatGPT-4.0 responses
were classified as “good,” compared to 61.3% for
ChatGPT-3.5% and 54.8% for Google Bard. Our findings, with
mean total scores of 7.9 (SD 1.2) points for the LLM
(ChatGPT-4.0) and 74 (SD 15) points for the
ophthal mol ogy-specific SLM, align closely with these previous
results. Furthermore, the proportion of responses classified as
“good” in our study (78/105, 74% for the LLM and 60/105,
57% for the SLM) isconsistent with previously reported results
also by Lim et al [32]. While Momenagei et al [33] evaluated
ChatGPT 4.0's ability to address retinal disease queries,
responses were considered appropriate in 84.6%, 92%, and
91.7% of the questions concerning retinal detachments, macular
holes, and epiretina membranes, respectively. In both instances,
the ChatGPT 4.0 responses were graded by different groups of
ophthalmologists as consistently appropriate. Despite these
positive results, LLMs, such as ChatGPT, are often expensive,
inflexible, and unfeasibleto implement inlocal contexts. Recent
advancementsin NL P also include multimodal LLMs|[34]. For
instance, Choi et al [34] successfully used multimodal language
models to integrate structured ocular data to calculate safety
indicatorsand predict contraindicationsin laser vision correction
procedures. Their results indicated superior accuracy and
flexibility compared to traditional machinelearning approaches,
underscoring significant clinical potential. Despite these
encouraging outcomes, practical challenges remain regarding
the broader implementation of such advanced technologies in
clinical settings. Specifically, multimodal models often require
significant computational resources, entail high costs, and may
raise concerns about data security and patient privacy. Thus,
while multimodal approaches offer considerable promise,
specialized smaller scale models, such as the SLM presented
in our study, represent a cheaper and feasible solution for
real-world deployment, balancing accuracy, adaptability,
cost-efficiency, and local data control.

Onemajor concern of implementing ChatGPT in clinical settings
is its lack of ahility to provide source citations [35]. Studies
haveindicated that ChatGPT often providesfal sereferencesfor
its generated responses, leading to concerns over response
reliability and the risk of inaccuracies [36]. In contrast, the
combination of RAG with SLM guarantees the citation of all
sources, offering clear evidence for shared information. This
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ability isacrucia benefit of SLM in clinical contexts, enhancing
itsutility in delivering reliable, evidence-supported information
to patients. Unlike ChatGPT 4.0, which cannot cite references
for its responses, SLM equipped with RAG can specify the
exact reference and its metadata, including DOI, publication
year, and journal name, used to generate aresponse. The ability
to locally deploy domain-specific SLMs with RAG opens
several avenues for real-world clinical use. In ophthalmology
clinics, SLMs could serve as virtual assistants capable of
providing preliminary education to patients, addressing common
concerns before or after consultations, and supporting
decision-making through curated literature. This could reduce
physician workload and improve information retention. These
systems could also be embedded in telemedicine platforms or
patient portals to enhance access to personalized, trustworthy,
and reference-backed content, especially for chronic conditions
like glaucoma.

Although our study did not directly compare the models
responses to responses by human experts, recent evidence
suggests that language models may already be approaching
human-level performance in natural language generation [37].
A preprint by Jones et a [37] demonstrated that when
appropriately prompted to adopt a human persona,
state-of-the-art LL M s were judged to be the human more often
than real human participantsin acontrolled 3-party Turing test,
effectively passing the origina Turing test design. These
findingsimply that, at |east in open-ended conversational tasks,
language models may generate responses that are
indi stingui shable from those of real people. Whilethis supports
the plausibility of expert-level performancein patient education
tasks, further research is required to compare model -generated
content  to clinician-authored responses  within
ophthal mol ogy-specific domains directly.

Previous studies have shown that natural language models often
generate grammatically correct responses to common patient
inquiries[38]. However, these answers are complex and difficult
for the averagelayperson to understand fully [39]. The American
Medical Association recommendsthat health-related information
be communicated at a grade level score of 5-6, which is
equivalent to the reading level of fifth- to sixth-graders [40].
Previous research has indicated that information on glaucoma
available online is often written at a grade level that is not
suitable for health-related information [41-43]. Our analysis
revesled that the answers from both LLM and SLM share the
same limitation of requiring high-level education to fully
understand the answers. In our study, the grade level mean
scores, measured by the Flesch-Kincaid Grade Level, the
Gunning Fog Index, the Coleman-Liau Index, and the SMOG
Index, were 13.2 (SD 3.2), 17.7 (SD 4.3), 14.7 (SD 3.0), and
15.98 (SD 2.9), respectively, for the SLM, and 11.8 (SD 2.2),
14.4 (SD 3.0), 12.5 (SD 1.5), and 13.9 (SD 2.1) for the LLM.
The SLM had a statistically significantly higher grade level in
all 4 metrics (P<.001). Thisfinding isassociated with the usage
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of scientific resources only as the source material for the SLM
responses, as this material iswritten at an academic level.

This study had several limitations. It was conducted with a
limited set of questions, focusing solely on a single
ophthalmological condition evaluated by a small panel of 3
glaucoma specialists within a single institution. A multicenter
evaluation on alarger dataset of questionswould offer additional
insights into the performance of the SLM powered with RAG
versusLLM in answering questions frequently asked by patients
with glaucoma. Moreover, this study did not directly assess
patient response eval uations. Future studies measuring patients
opinions on the clarity and quality of the answers could reveal
more detail s regarding using natural language models as a tool
for answering glaucoma-related questions. Additionally, the
model was not designed exclusively to respond to frequently
asked questions about glaucoma but was trained to address
ophthalmological inquiries in a broader and more technical
context. Thisapproach could have resulted in an underestimation
of the SLM’s performance. However, this study stands as proof
of concept, and the SLM can be further tailored to specific tasks
and other domainsin ophthalmology. Furthermore, the post hoc
power analysis shows that the sample size of 35 questions
provided only 32.9% power to detect the observed difference
in quality scores. This indicates a high risk of atype Il error,
suggesting that the lack of statistical significance may be due
to insufficient power rather than equivalence in model
performance. Future studieswith larger sample sizes are needed
to assess potential differences between SLM and LLM
performances more robustly. Moreover, the prompt did not
contain specific instructions to generate answersto a particul ar
grade level, which could generate more easily understood
guestions and should be explored by future studies. Finally, this
study did not include adirect comparison between the responses
generated by the language models and human experts. Future
research should evaluate how SLM and LLM outputs compare
to clinician-authored answers regarding  accuracy,
appropriateness, and patient comprehension.

Conclusion

In conclusion, our study revealed that a specialized SLM may
be ableto perform similarly to an LLM in answering frequently
asked glaucoma questions. However, their answers were
unsuitable for health care—related information, as they would
be difficult for the average layperson to comprehend. Given
their comparable performance to LLMs, high customization
potential, ability to provide citations, low cost, and capacity to
operate locally without collecting sensitive data, specialized
SLMs may present as a realistic option for deploying NLP in
real-world ophthalmology clinical settings. Further research is
needed to investigate the incorporation of health care-related
texts with greater readability into SLMs, asthey could be more
easily adapted to generate accurate and easy-to-understand
answers.
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Abstract

Background: Early-stage clinical findings often appear only as conference posters circulated on social media. Because posters
rarely carry structured metadata, their citationsare invisibleto bibliometric and aternative metric tools, limiting real-time research
discovery.

Objective: This study aimed to determine whether a large language model can accurately extract citation data from clinical
conference poster images shared on X (formerly known as Twitter) and link those datato the Dimensions and Altmetric databases.

Methods: Poster images associated with the 2024 American Society of Clinical Oncology conference were searched using the
terms “#ASCO24,” “#ASC02024,” and the conference name. Images =100 kB that contained the word “poster” in the post text
were retained. A prompt-engineered Gemini 2.0 Flash model classified images, summarized posters, and extracted structured
citation elements (eg, authors, titles, and digital object identifiers [DOIs]) in JSON format. A hierarchical linkage algorithm
matched extracted elements against Dimensions records, prioritizing persistent identifiers and then title-journal -author composites.
Manual validation was performed on arandom 20% sample.

Results: We searched within 115,714 posts and 16,574 images, of which 651 (3.9%) met the inclusion criteria, and we obtained
1117 potential citations. The algorithm linked 63.4% (708/1117) of the citations to 616 unique research outputs (n=580, 94.2%
journal articles; n=36, 5.8% clinical trial registrations). Manual review of 135 randomly sampled citations confirmed correct
linkage in 124 (91.9%) cases. DOI-based matching was mostly flawless;, most errors occurred where only partial bibliographic
details were available. The linked dataset enabled rapid profiling of topical foci (eg, lung and breast cancer) and identification
of the most frequently referenced institutions and clinical trialsin shared posters.

Conclusions: This study presents a novel artificial intelligence—driven methodology for enhancing research discovery and
attention analysis from nontraditional clinical scholarly outputs. The American Society of Clinical Oncology was used as an
example, but this methodology could be used for any conference and clinical poster.

(IMIR Al 2026;5:€78148) doi:10.2196/78148
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medical informatics; clinical decision support; generative artificial intelligence; oncology; conference posters; Altmetric; clinical
trids; artificial intelligence; Al
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Introduction

Background

Generative artificial intelligence (Al) has rapidly transformed
image and visual processing, progressing from early generative
adversarial networks to advanced multimodal models such as
DALL-E and diffusion-based techniques. Recent studies
highlight advancements in text-to-image generation and
semantic image synthesis [1], showcasing improved realism
and contextual understanding. The application of Al in visua
communication design [2] and generative visua intelligence
[3] further demonstrates Al’s expanding role in creative fields.
As generative models continue to evolve, their impact extends
beyond art and entertainment into scientific visualization and
human-computer interaction.

Altmetric and Dimensions are two powerful research analytics
platforms that provide insights into scholarly impact and
research discovery. Altmetric specifically tracks the online
attention aresearch output receives. |t aggregates mentionsfrom
awidevariety of nontraditional sources, including social media
(such as X, formerly known as Twitter, the platform used in
this study), public policy documents, mainstream news outlets,
podcasts, blogs, and others. This provides areal-time gauge of
how research is being discussed and shared among both
academic and public audiences, reflecting its societal or
“dternative” impact [4]. Dimensions, on the other hand, is a
comprehensive research database that integrates publications,
grants, patents, clinical trials, and policy documents, enabling
in-depth bibliometric analysis and research discovery [5]. Unlike
traditiond citation-based metrics, these platforms offer abroader
perspective on research influence, making them an essential
complement for researchers, institutions, and policymakers.

https://ai.jmir.org/2026/1/€78148
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Extracting citations from research conference posters presents
unique challenges dueto their unstructured format, multimodal
content, and limited metadata. Recent advances in scholarly
document processing and bibliographic reference parsing have
aimed to improve citation extraction from various scientific
sources. Studies on neural network models for scholarly
document processing [6] and automated bibliographic reference
parsersprovideinsightsinto leveraging Al for structured citation
extraction. Additionally, research on semantic entity extraction
from academic databases [7] highlights challenges related to
dataacquisition and accuracy. Thesefindings suggest that, while
existing methods improve citation extraction in formal
publications, further work is needed to adapt them for
conference posters.

Objectives

The primary goal of this study wasto test whether it is possible
to extract citationsfrom conference poster picturesusing alarge
language model (LLM). The secondary objectivewasto explore
what extracted data can be used to link the poster citations to
Dimensions and Altmetric data.

Methods

Al Prompt and Testing

To examine whether generative Al can extract information from
conference posters, we used the Google Cloud Vertex Al
environment and tested several LLMs. Through trial and error
and comparison of the quality of the output, we used the Gemini
2.0 Flash (Google; experimental) version for this study. The
prompt used is presented in Textbox 1.

Figure 1 shows an example of aposter image with the locations
from which information was extracted. The JSON format
information returned by the prompt is provided in Textbox 2.
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Textbox 1. Example prompt input.

“You are aresearcher and poster identification and citation reference extraction expert. | will provide you with the image or bucket |ocation of a poster
image and you are going to evaluate if the image:

1.is research_poster (True/False)

2. image_type (one or more of these categories, separated by comma: people, poster, presentation_picture, presentation_slides, selfie, other)
3. image_type_other (if the above answer is other, add another category here)

4.is _readable (True/False)

5. poster_summary (100 words maximum)

If it is a poster then you are going extract the following information for each reference/citation mentioned in the research poster:
1. citation_n (O isfor the poster publication information itself, al the rest are citations)

2. authors

3. first_author_last_ name

4. last_author_last_name

5. year

6. doi

7. identifier_other

8. journal_title original

9. journal_title full (full name of the journal)

10. volume

11. pages

12. title (just include the citation publication title text and nothing else)

13. other (include any other persistent identifier, link or information you see relevant to find the citation)

14. full_content (add everything included in the citation, for the main poster publication also add the affiliations, funders, sponsors and any other
available information)

Go through these steps:

1- Confirm there is aresearch poster in the picture

2- If theimage quality is low please focus on extracting the DOI at least 3 times. You can try to improve the quality of the pixels yourself
3- Identify the reference/citations section

4- Extract the information for each citation. Numbering each citation (citation #1, #2, etc...)

5- Only complete thefields if you are certain they are correct, otherwise respond null to that field

6- JSON format with all the fields detailed above”
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Figure 1. Example poster picture (with permission). The red outline represents extracted information from the main poster; the blue outline represents
extracted information from references.
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Textbox 2. Extracted code.
{
“is_research_poster”: true,
“image_type”: [

“poster”

I

“image_type_other”: null,

“is_readable’: true,

“poster_summary”: “This research poster investigates neuromuscular changes in football players with previous hamstring injuries (HSI). The study
aims to analyze the influence of previous HSI on neuromuscular adaptations. The methods include isokinetic strength and EMG assessments,
proprioception tests, and flexibility/core stability tests. The results show that even after rehabilitation, players may exhibit decreased biceps femoris
myoelectrical activity during eccentric contractions and proprioceptive deficits at the knee joint. The conclusion emphasi zes the need to consider these
persistent changes in rehabilitation and strengthening programs.”,

“citations’: [
{
“citation_n": 0,

“authors’: “Carlos Areia, Paulo Barreira, Tiago Montanha, José Oliveira, Fernando Ribeiro”,
“first_author_last_name’: “Areid’,

“last_author_last_name”: “Ribeiro”,

“year”: null,

“doi”: null,

“identifier_other”: null,

“journal_title_original”: null,

“journal_title full”: null,

“volume™: null,

“pages’: null,

“title”: “Neuromuscular changesin football players with previous hamstring injury.”,

“other”: “1 School of Health Sciences, University of Aveiro, Aveiro, Portugal; 2 Arsenal FC, Football Medicine; 3 Research Center in Physica
Activity, Health and Leisure, Faculty of Sport, University of Porto, Porto, Portugal; 4 School of Health Sciences and Institute of Biomedicine -
IBIMED, University of Aveiro, Aveiro, Portugal”,

“full_content”: “Carlos Areia*; Paulo Barreira2, Tiago Montanha?; José Oliveira®; Fernando Ribeiro 4\n1 School of Health Sciences, University of
Aveiro, Aveiro, Portugal; 2 Arsenal FC, Football Medicine; 3 Research Center in Physical Activity, Health and Leisure, Faculty of Sport, University
of Porto, Porto, Portugal; 4 School of Health Sciences and Institute of Biomedicine - IBIMED, University of Aveiro, Aveiro, Portugal”

h
{
“citation_n": 1,

“authors’: “Fyfe JJ, Opar DA, Williams MD, Shield AT,
“first_author_last_name’: “Fyfe”,
“last_author_last_name”: “Shield”,

“year”: null,

“doi”: null,

“identifier_other”: null,

“journal_title_original”: null,

“journal_title full”: null,

“volume”: null,

“pages’: null,

“title”: “The role of neuromuscular inhibition in hamstring strain injury”,
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“other”: null,

“full_content”: “Fyfe JJ, Opar DA, Williams MD, Shield AJ. The role of neuromuscular inhibition in hamstring strain injury. Br J Sports Med 2013;
47:86-92”

h
{
“citation_n": 2,

“authors’: “Opar DA, Williams MD, Shield AT,

“first_author_last_name”: “Opar”,

“last_author_last_name”: “ Shield”,

“year": “2012",

“doi”: null,

“identifier_other”: null,

“journal_title_original”: null,

“journal_title_full”: null,

“volume”: “42",

“pages’: “209-224",

“title”: “Hamstring strain injuries: factors that lead to injury and re-injury”,

“other”: null,

“full_content”: “Opar DA, WilliamsMD, Shield AJ. Hamstring strain injuries: factorsthat lead to injury and re-injury. Sports Med 2012; 42: 209-224"
h

{
“citation_n": 3,

“authors’: “Brockett CL, Morgan DL, Proske U”,

“first_author_last_name”: “Brockett”,

“last_author_last_ name”: “Proske”,

“year": “2004",

“doi”: null,

“identifier_other”: null,

“journal_title_original”: null,

“journal_title_full”: null,

“volume”: null,

“pages’: null,

“title”: “Human hamstring muscles adapt to eccentric exercise by changing contraction-induced injury”,
“other”: null,

“full_content”: “Brockett CL, Morgan DL, Proske U. Human hamstring muscles adapt to eccentric exercise by changing contraction-induced injury.
Med Sci Sports Exerc 2004; 36: 379-383."

h
{
“citation_n": 4,

“authors’: “ Schache AG, Blanch P, Rath D, et a”,
“first_author_last_name”: “ Schache”,
“last_author_last_name”: “a”,

“year”: “2011",

“doi”: null,
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“identifier_other”: null,
“journal_title_original”: null,
“journal_title full”: null,
“volume”: “46”,

“pages’: “118-121",

“other”: null,

hamstring strain injury. J Sci Med Sport 2011; 46: 118-121"
}
]

“title”: “Hamstring muscle strength and flexibility in elite Australian Rules football players with previous hamstring strain injury”,

“full_content”: “ Schache AG, Blanch P, Rath D, et al. Hamstring muscle strength and flexibility in elite Australian Rulesfootball playerswith previous

Poster Image Extraction and Inclusion Criteria

For the purposes of thisstudy, we sel ected poster images posted
on X associated with the American Society of Clinical Oncology
(ASCO) 2024 conference. We used the Tweepy Python library
[8] to do this using the following search terms: “American
Society of Clinical Oncology Annual Meeting 2024 OR
#ASCO24 OR #ASC02024

Due to the high metadata availability of ASCO conferences,
we also decided to include asmaller, nonclinical conferenceto
double-check accuracy and citation linkage. For thissubanalysis,
we included al International Conference on Science,

Technology, and Innovation Indicators (ST1) conferences from
2018 to 2024 (Multimedia Appendix 1).

For theimageto be considered for inclusion, it had to be at |east
100 kB and mention the word “poster” in the body of the post
to optimize the identification of posts that contained a poster
image to input into the LLM.

Conference Image Analysis at Scale

To be able to do this at scale, we used the following toolkits:
Python (Python Software Foundation); Jupyter Notebooks; and
Google Cloud Vertex Al, Cloud Storage, and BigQuery. The
pipeline is described in Figure 2.

Figure 2. Image analysis and linkage pipeline. ASCO: American Society of Clinical Oncology; GBQ: Google BigQuery.

Step 1: download Store posts

ASCO 2024 posts

GBQ post
database

Exclude posts
without images

Download images and
store in Cloud storage

List of posts with poster
citations

Using extracted information, link
Dimensions.ai publications

Poster citation

database linked to
Dimensions.ai

Linkage Algorithm

From the Al response containing the JSSON values, we extracted
and linked data to our Dimensions database using an algorithm
that considered the following information:

https://ai.jmir.org/2026/1/€78148

« Digital object identifier (DOI) or any other persistent
identifier: this was the most straightforward method of
linkage; when a persistent identifier was available, we used
it to directly link it with the Dimensions database
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«  First author last name
+ Last author last name

«  Year

«  Journal
+  Volume
. Pwes

- Titlematching

Title matching involved 2 calculations. The first was match
percentage to identify the textual overlap between citation and
publication titles while accounting for differences in word
counts. First, titleswere tokenized to cal culate word counts and
matching words. A match percentage was derived by dividing
matching words by the citation title word count. To address
noise from large word count discrepancies, an adjustment

Table1. Matching method priority table.?

Areia& Taylor

penalized cases with significant differences, weighting matches
in which word counts aligned more closely.

The second caculation was title  score=match
percentagexnumber of words. This was also caculated to
differentiate strong matches in low-count titles that could be
present in many different publications due to commonality.

The primary and simplest method for matching were the
persistent identifiers. The next option was the title matching
algorithm, where only matches with an adjusted match
percentage above 70% were considered for use, with those with
a percentage of >93% used on its own and those with a
percentage between 70% and 90% used in conjunction with the
above indicators. Table 1 describes the algorithm used by
priority order.

Matching method Match percentage Other matches used
DO b _
PMID — —
Clinical trial registry — —
Title_Only e 93% —

o 82% (+title score >7)
e 71% (+title score >15)

Title_Year_Journal . 70%
Title First_Author . 70%
Title_Last_Author e 70%
Title_Volume_Pages . 62%
Title_Authors «  100% (exact match)

Journal_Volume Pages —

Journal_Pages Year —

Journal_Year_Author —

o Journal title
«  Citation/publication year

. First author last name
o Last author last name

o Journal volume
« Journal pages

. First author last name
o Last author last namec

o Journal title
o Journal volume
«  Journal pages

o Journa title
« Journa pages publication year

o Journal title
« Publication year
o  First or last author last name

#The “authors only” method was used due to our single-conference, small-sample example. This should not be used at scale as it might match a high

number of wrong publications (same authors, different studies).
BNot used.

“There need to be two of the following matches: first to first, last to lagt, first to last, or last to first.

In the case of multiple Dimensions publication matches, we
used the highest match percentage or title score. After all these
algorithms had run, we retrieved all the Dimensions IDs linked
to DOI, PubMed identifier (PMID), clinical trial registration,
title, and journal. For thefinal ID matching decision, we applied
thefollowing rules (seethe examplein Table 2). If multiple | Ds

https://ai.jmir.org/2026/1/€78148

were retrieved, we selected the most frequent ID as the fina
ID. If only 11D wasretrieved, that wasthefinal ID. If multiple
IDs were retrieved but not repeated, we used the following
priority list: (1) retrieved DOI, (2) retrieved PMID, (3) retrieved
clinical trial 1D, (4) retrieved title ID, and (5) retrieved journal
ID.
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Table 2. Algorithm prioritization example using fictional IDs.

Areia& Taylor

Digital object identifier PubMed identifier Tria 1D TitleID Journal 1D Fina ID
pub.1234567 pub.1111111 _a pub.1111111 — pub.1111111
pub.1234567 — — — — pub.1234567
— pub.1111111 — — — pub.1111111
— — NCT882929 — — NCT882929
— — — — pub.123123 pub.123123
pub.1234567 pub.1111111 — — — pub.1234567
— — — pub.1111111 pub.123123 pub.1111111
@Not used.

Random Sampling Check

To test the accuracy of the citation extraction and linkage, we
performed a random check of examples, first, for whether the
citation was correct regarding the image information. If this
information was false, we checked whether it was the fault of
the Al extraction (eg, extracting the wrong DOl and
hallucinating an identifier) and whether it was the fault of the
matching algorithm (eg, when the Al extracted the information
correctly but we could not match it to our Dimensions and
Altmetric data).

To ensurethat we had at |east 100 manually confirmed citations,
we randomly selected 150 examples from our results dataset.
For our subanalysis, due to the small sample size, all citations
were manually confirmed (Multimedia Appendix 1).

Ethical Considerations

Due to the observational nature of publicly available data, this
study was exempt from ethics approval and informed consent.
The example image of the poster in Figure 1 is from the main
author of this manuscript and is shared with his permission.

Results

Overview

This study included, in total, 115,714 X posts from the ASCO
2024 conference, including 23,548 (20.4%) original posts, 4044
(3.5%) quoted posts, and 88,122 (76.2%) reposts. Of these
115,714 posts, 18,218 (15.7%) included at | east one attachment,
with 16,574 (14.3%) being labeled as a photo or image. After
applying our digibility criteria (image of >100 kB and text of
the post including the word “poster”), we narrowed this down
to 793 images to run our Al model. Of these 793 images, a

https://ai.jmir.org/2026/1/€78148

further 94 (11.9%) were excluded from the analysis as the
quality was too low to be readable by the Al, and 130 (16.4%)
were considered posters by the Al, al confirmed manually
(Figure 2). The fina dataset included 651 readable poster
images, with 1117 potential citationsidentified by our Al model.

Intotal, we managed to link 708 poster citations (n=332, 46.9%
coming from the main poster information and n=376, 53.1%
from the reference section or content of the poster, with an
average of 1.66, SD 2.58 and median of 1, IQR 0-3 references
per poster) to their respective publication information (616
unique publications) using different matching methods as
described in Figure 3.

We were unable to link over one-third (409/1117, 36.6%) of
the potential citationsto their respective Dimensions publication
information dueto incomplete information or to theinformation
retrieving multiple studies, as in the following examples:

« CoxADetd
Nat Rev Drug Discov
(insufficient information)

« Accurate detection of ER loss (
JClin Oncol
2022) (unable to match any publication)

« Schuler et a, 2024 (matching multiple publications)

«  hitps/Awwi.canor.org/cancarftypes/prodtate-canoar/about/key-gatidics
(not acitation)

+  NURE-COMBO trial: NCT04086115 (identifier outdated
or not correct)

« (Abstract #10521, Hedin T et a.) (not indexed abstract
and/or publication)

Our subanalysis results can be found in Multimedia Appendix
1
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Figure 3. Poster citation to publication matching a gorithm process and results. DOI: digital object identifier; PMID: PubMed identifier.

1117 potential
citations

| Step 1: identifier matching; total matched=143 |

|  Dpo:105 | | pvD:4 | | Clinical trial ID: 34 |

‘ 974 remaining |

| Step 2: title matching; total matched=492 |

First author AND }—" Last author: 35 ‘

| Titleonly:369 | | Title AND YearAND  |——{ Joumal:2 |

First author only: 68

|
‘ Last author only: 7 ‘
| Other: 11 |

482 remaining ‘

Step 3: journal matching; total matched=73 |

‘ First OR Last author: 47 ‘
Year AND <
‘ Pages: 25 ‘

[ Journal AND

Volume AND || Pages: 1 |

409 Not Matched 708 Matched

- . eye), we manually reviewed 135 poster citations, of which 124
Validation Accuracy Testing (91.9%) were correct matches and 11 (8.1%) were incorrect
Of the 708 matches, 150 (21.2%) were randomly selected for  matches. A breakdown by matching method can be found in
manual curation and confirmation of accuracy. Of these, after  Table 3.
excluding the posters for which we were unable to confirm a
match (not of sufficient quality to be readable by the human

Our subanalysis of the STI conferencesyielded similar accuracy
results (Multimedia Appendix 1).
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Table 3. Number of accurate and inaccurate matches by method (N=135).

Areia& Taylor

Matching method Matched? Matches, n (%)
Title and other Yes 2(1.5)
Title and other No 1(0.7)
Titleonly Yes 76 (56.3)
Titleonly No 3(2.2)
Title and last author Yes 2(1.5)
Title and first author No 2(15)
Title and first author Yes 6 (4.4)
Title and authors Yes 8(5.9)
PubMed identifier Yes 1(0.7)
Journal, year, and author No 1(0.7)
Journal, year, and author Yes 9(6.7)
Journal, pages, and year Yes 4 (3.0
Digital object identifier No 4(3.0)
Digital object identifier Yes 9(6.7)
Clinica tria registry identifier Yes 7(5.2)

Included Publication I nfor mation

(Table 4).

A total of 616 unique research outputs (n=580, 94.2% articles
and n=36, 5.8% clinical trial registrations) were matched, with

Table 4. Top 10 matched publications by the number of poster citations.

a few being mentioned in more than one conference poster

Year Journal Publication title Poster citations, n Study

2024 Journal of Clinical  “The genomic, transcriptomic, and immunological profile of patientswith recur- 3 [9]
Oncology rent/refractory NSCLC”

2024 Journal of Clinical  “Exploring T cell subsets as predictors of response to BCMA targeting bispecific 3 [10]
Oncology antibody therapy in multiple myeloma’

2024 Journal of Clinical  “Association between circulating tumor DNA (ctDNA) and recurrence-freesurvival 3 [11]
Oncology (RFS) in patients (pts) with resected stage |11 melanoma: an exploratory analysis

of SWOG S1404”

2024 Journal of Clinical  “Challenges and solutions to recruiting diverse populations to oncology clinical 3 [12]
Oncology trials: a mixed-methods study of clinical research coordinators”

2024 Journal of Clinical  “Unvelling inequitiesin representation: racial disparitiesin supportivecarebreast 3 [13]
Oncology cancer clinical trial enrollment”

2024 Journal of Clinical  “Final results of CORE-001: a phase-2, single arm study of cretostimogene 3 [14]
Oncology grenadenorepvec in combination with pembrolizumab in patients with BCG-un-

responsive, non-muscle invasive bladder cancer with carcinomain situ”

2024 Journal of Clinical  “Al-based approach to enable proactive identification of early lung cancer: aret- 3 [15]
Oncology rospective population health study and economic model”

2024 Journal of Clinical ~ “First-line systemic therapy following adjuvant immunotherapy in renal cell car- 2 [16]
Oncology cinoma (RCC): an international multi-center study”

2024 Journal of Clinical  “ Self-expressed needs and gaps in our care of metastatic breast cancer (MBC): 2 [17]
Oncology an al-Ireland patient-led online survey (CTRIAL-IE 23-05)"

2020 Annals of Oncology “PALLAS: A randomized phase |11 trial of adjuvant palbociclib with endocrine 2 [18]

therapy versus endocrine therapy alone for HR+/HER2- early breast cancer”

The 616 research outputs linked as per Dimensions document
classification [5] included 361 (58.6%) conference abstracts,
143 (23.2%) research articles, 39 (6.3%) review articles, 36
(5.8%) clinical trial registrations, 13 (2.1%) lettersto the editor,

https://ai.jmir.org/2026/1/€78148

RenderX

10 (1.6%) unknown, 4 (0.6%) other types of journal content, 4
(0.6%) correction or erratum notes, 3 (0.5%) editorials, 1 (0.2%)
conference paper, 1 (0.2%) other type of conference content,
and 1 (0.2%) reference work. Interestingly, some of the main
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posters were then published (either as an abstract or full
publication) and achieved a significant level of attention
(according to the Altmetric score), as shown in Table 5.

By linking the poster citations to Dimensions publication and

citations.

clinical trial information, it is possible to conduct several

Table 5. Top 10 published posters by Altmetric score.

Areia& Taylor

analyses and extract interesting signals, for example, using
research categories. In Figure 4, we used the International
Cancer Research Partnership cancer type taxonomy to be able
to quickly identify the main cancer types mentioned in the poster

Year Journal Publication title Altmet-  Study
ricscore

2024 Journal of Clinical Oncology “Outcomes of myeloma cast nephropathy in the era of anti-CD38 monoclonal anti- 296 [19]
body-based frontline therapy: A retrospective cohort study”

2024 JCO Clinical Cancer Infor-  “Characterizing theincreasein artificial intelligence content detectionin oncology 65 [20]

matics scientific abstracts from 2021 to 2023”

2024 Journal of Clinical Oncology “Resultsfrom therandomized phase |1l DREAMM-7 study of belantamab mafodotin - 43 [21]
(belamaf) + bortezomib, and dexamethasone (BV d) vs daratumumab, bortezomib,
and dexamethasone (DVd) in relapsed/refractory multiple myeloma (RRMM)”

2024 Journal of Clinical Oncology “Zanidatamab in previously-treated HER2-positive (HER2+) hiliary tract cancer 39 [22]
(BTC): Overdl survival (OS) and longer follow-up from the phase 2b HERIZON-
BTC-01 study”

2024 European Urology “First-line systemic therapy following adjuvant immunotherapy in renal cell carci- 30 [23]
noma: an international multicenter study”

2024 Journal of Clinical Oncology “Inpatient burden and clinical outcomes of cytokine release syndrome in patients 20 [24]
with cancer: a Nationa Inpatient Sample study”

2021 ClinicalTrials.gov “A Phase 1btrial of M3814 (peposertib) in combination with lutetium 177 dotatate 19 [25]

(trial for Well-differentiated somatostatin receptor-positive gastroenteropancreatic neu-

start roendocrine tumors (GEP-NETS)”

date)

2024 Journal of Clinical Oncology “Randomized study to assess colonic microbiome changesin responseto energy 18 [26]
drink consumption (ROSANNA trial)”

2024 Journal of Clinical Oncology “Atezolizumab versus placebo in combination with bevacizumab and non-platinum- 18 [27]
based chemotherapy in recurrent ovarian cancer: final overall and progression-free
survival results from the AGO-OVAR 2.29/ENGOT-ov34 study”

2024 Journal of Clinical Oncology “Self-expressed needs and gapsin our care of metastatic breast cancer (MBC): an 13 [17]

all-Ireland patient-led online survey (CTRIAL-IE 23-05)”

https://ai.jmir.org/2026/1/€78148
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Figure 4. Top cancer type research mentioned in the American Society of Clinical Oncology 2024 conference posters classified by publication and
clinical trial citation according to the International Cancer Research Partnership cancer type taxonomy.
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We then used the authors’ affiliations to calculate the most
frequently referenced institutions in shared posters (this could
includethe poster itself or inside reference), with the following
top threefor research articles: (1) Dana-Farber Cancer Institute
(35 poster citations), (2) the University of Texas MD Anderson
Cancer Center (30 poster citations), and (3) Memorial Sloan
Kettering Cancer Center (24 poster citations).

The following were the top three for clinical trials: (1) SWOG
Cancer Research Network (4 poster citations), (2) University

https://ai.jmir.org/2026/1/€78148
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of North Carolina Lineberger Comprehensive Cancer Center
(3 poster citations), and (3) National Cancer Institute (3 poster
citations).

Focusing on clinical trials, by linking cited clinical trialsto their
respective Dimensions information, we were able to explore
some interesting information and signals on the status of these
trias, for example, in Figures 5 and 6, we outline the active
years and overall status and phase for all 36 matched clinical
trial registrations.
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Figure5. Overall status and active years of al clinical trias cited by the American Society of Clinical Oncology 2024 conference posters.
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Figure 6. Trial phase and active years of al clinical trials cited by the American Society of Clinical Oncology 2024 conference posters. N/A: not
applicable.
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Included X Profilesand Posts

The final dataset included 651 images with readable posters
and 1117 potential citations. These images came from 240 X
profiles and 347 unique X posts, ranging from a minimum of
1 to amaximum of 4 images per post.

Figure 7. Included post timeline classified by type of post.
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The top three profiles sharing posters were the following: (1)
DFCI_BreastOnc (14 posts with 16 poster images), (2)
CSCancerCenter (7 posts with 7 poster images), and (3)
MDAnNdersonNews (6 posts with 6 poster images).

Discussion

Principal Results

This study aimed to explore the use of an LLM to extract both
the main citations as well as references (where available) from
poster images. It also explored how were different strategies
good at trying to link the free-text extracted poster citation data
to the Dimensions and Altmetric databases. As the ASCO
conferences are well indexed, mostly in the Journal of Clinical
Oncology, we decided to also include asubanalysis of asmaller,
nonclinical conference that matched similar results. The LLM
and algorithm can be tested on any poster at any conference.

This exploratory study demonstrated that it is indeed possible
to extract structured citation data from poster images using
LLMs and relatively easy to link to the Dimensions and
Altmetric databasesin casesin whichthe DOI or other persistent
identifiers are present; however, it became significantly more
challenging for references without theseidentifiers, and wetried
to find creative solutions using the available extracted data

https://ai.jmir.org/2026/1/€78148
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Most of theincluded posts (330/347, 95.1%) were origina posts,
with most (318/347, 91.6%) originating during the ASCO 2024
conference period (May 31, 2024, to June 4, 2024), as shown
inFigure 7.

May 31,2024
June 1, 2024

June 2, 2024

June 4, 2024 June 6,2024  June 13,2024 June 26, 2024
June 3, 2024 June 5, 2024 June 10,2024 June 19, 2024

points. Our random sampling accuracy testing highlighted that
the LLM was particularly good at extracting the correct
information from both the main poster and references (or other
poster content citations), with the former usually being easier
to link to the publication through the title and authors. When
an identifier was provided in the references section, it was also
quite straightforward to link it to the respective publication;
however, it was more challenging to do so when only limited
information was provided, for example, just the first author’'s
last name with “et a” and the journal (with the year in
parentheses) as it could provide erroneous linkage to multiple
publications.

For most posters (124/135, 91.9%), the LLM extracted the
correct information, and using our Dimensions database, we
managed to successfully link most of the citationswith complete
data provided in the poster. In some cases, we even managed
to link a poster to both its respective clinical trial registration
[28] and publication [29]. Interestingly, during the manual
random sample, in alot of cases in which a picture was taken
of several posters and people at the same time, the Al till
managed to extract enough partial information to be ableto link
to the publication data. According to our random sampling
analysis, most of the errors were not from the Al extraction but
from our matching algorithm, and several futureimprovements
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were identified. First, journal+year+volume is not sufficient
and should only be used as a last resort. Many of the errors
encountered werein this category, and despite this being already
one of the most recent matching methods within our algorithm,
we should consider other, more recent methods before this one.
Second, even when using identifiers, we should consider other
methods of matching in conjunction with them. In some cases,
the Al seemed to hallucinate a DOI that matched the wrong
publication. In other cases, the DOl waswrong (we noticed this
particularly in older studies).

Our matching algorithm was relatively basic and needs further
improvement as it was built through trial and error until an
optimal level of accuracy was achieved using the selected
method. Albeit limited, this algorithm was sufficient to prove
our hypothesis successfully. In future studies and applications
of this technology, we will consider other matching methods
such as using multiple types of author information, sponsors,
funders, organizations, and the content of the poster itself (which
we can try to match to an abstract, for example). However, to
the best of our knowledge, thisisthe first study to successfully
extract poster image information and link it to a research
repository. Despite our hypothesis's success, poster citations
should be used thoughtfully to avoid citation duplication (eg,
if the conference poster abstract is published online). Therefore,
it isour view that these poster citations may not be suitable to
be used asformal citations but should perhaps be considered as
attention mentionsinstead (adebatable opinion). Astheimages
were shared through an X post, we believe that the correct way
of presenting thisinformation would be as aresearch attention
(similar to when someone posts a publication link or DOI), and
this would be a novel way to track conference attention.

Alternative metrics are becoming increasingly important, and
tools such as Altmetric, PlumX, and others are increasing their
capabilities in capturing different types of research attention
[30]. Conference posters can contain novel, important
information that often goes unpublished or share early insights
on studies (eg, interim clinical tria results) months or years
before the final publication [31]. We used the ASCO 2024
conference exampl e to highlight that, due to the agile nature of
health care practice (see the COVID-19 pandemic as an
example), having access to timely poster citation information
may be important for clinical and strategic decisions.

By linking poster citations to their respective research
publication or clinical trial information, it is possible to extract
interesting insights and signalsto explore at scale. In this study,
we used a narrow, limiting example as a proof of concept;
however, future research will test this at scale with multiple
conferences through the years in severa fields (including new
ones such as humanities, social sciences, and engineering),
testing practical, economical, and computational feasibility of
poster or image citation extraction.

Limitations

We noticed in some rare cases that, if a poster was about a
systematic review that referenced other publications in the
content, the LLM often assumed that to be a poster mention.

https://ai.jmir.org/2026/1/€78148
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While not the desired behavior, it might extend the capabilities
of thismodel and the number of publicationsidentified as cited
in that poster (which is, in fact, correct and in accordance with
our study objectives).

ASCO postersare routinegly published by the Journal of Clinical
Oncology and issued a DOI, and therefore, the metadata are
easy to obtain. Many other important conferences do not publish
material with DOIsand would be considerably harder to match.
To test this, we used a smaller nonclinical conference as a
subanalysis (Multimedia Appendix 1) that yielded similar
results.

During the random sampling accuracy testing, we noted that,
when the quality of the poster was poor but passabl e (according
totheis readable variable returned by the Al), it was hard for
the human eye to confirm its accuracy, and therefore, the poster
was not included in the random sampling analysis. Future work
should include thresholds of quality for accuracy checking. We
also did not perform a sample size calculation for the random
sampling analysis, and the 150-sample check was an arbitrary
number that we felt was sufficient to be representative of our
datatogether with the STI conference subanalysis, in which we
conducted the accuracy check in all citations due to the small
sample.

Another limitation is that we did not fully explore linking
methods between the data retrieved from the image and our
datasets. There might be other creative ways to link more
publicationsto our (and other) data. For example, in this study,
we struggled to match publicationsin which only thefirst author,
year, and journal were shared, and there might be other clever
waysto match these in our dataset (by increasing context using
general poster information and perhaps another Al model to
help select the correct publication within a list). Another
example is when the LLM hallucinated while extracting a
persistent identifier (eg, DOI or PMID) and other information
was provided. A fallback method could be added to the
algorithm to identify a nonmatch from the identifier and
prioritize other matching methods instead. Future work will
involve improving our algorithm to maximize poster citation
matching.

Thisstudy also opensthe door to other image citation extraction
algorithms, for example, of conference presentations (or
available online presentation slides in which research mention
and citation islikely) or presentation video analysis and citation
extraction using Al.

Conclusions

The objective of this study was to confirm the hypothesis that
Al can be used to extract citations from poster images. Our
study concluded that it is not only possible but aso
straightforward to do it in ascalable way, with most of the effort
lying in accurately connecting these citations to the correct
publication data through different methods. This study opens
the door for future use of Al onimage data extraction to collect
scholarly mentions and citations from novel sources, aswell as
other relevant clinical data from conference posters.
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