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Abstract

Background: The rapid advancement of artificial
intelligence (Al) and digital health technologies has
catalyzed a paradigm shift in medical education worldwide.
Innovations including large language models, virtual
and augmented reality, telemedicine, adaptive learning
platforms, and wearable technologies are reshaping how
medical knowledge is conveyed, clinical skills are acquired,
and competence is assessed. A comprehensive synthesis
examining the convergence of Al, digital health, and medical
education nevertheless remains limited.

Objectives: This narrative review aims to (1) synthesize
current evidence on the applications, effectiveness, and
challenges of Al and digital health technologies in medical
education; (2) identify research gaps at the intersection
of these three domains; (3) evaluate the risks and ethical
considerations associated with their integration; and (4)
propose evidence-based strategies for their responsible
adoption in health professions education.

Methods: A comprehensive literature search was conducted

education, and adaptive learning platforms demonstrated
improvements in knowledge retention (mean improvement,
22%), clinical reasoning (20%), and procedural skills (27%)
relative to traditional methods. Critical challenges persisted,
including algorithmic bias, data privacy concerns, the
factual accuracy of Al-generated materials, the digital divide
in low- and middle-income countries, and insufficient faculty
training for technology integration.

Conclusions: Al and digital health technologies hold
transformative potential for medical education. Their
responsible integration requires robust institutional
frameworks, ethical governance, faculty development
programs, and rigorous empirical evidence on long-
term educational outcomes. This review provides a
comprehensive evidence-base and a strategic roadmap for
educators, policymakers, and researchers navigating this
evolving landscape.
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across PubMed, Scopus, and Web of Science for studies
published between January 2020 and June 2024. Study
selection followed the PRISMA 2020 framework. Forty-
eight studies meeting the inclusion criteria were included
for qualitative synthesis. Data were extracted using a
standardized form, and thematic analysis was performed to
identify key patterns, outcomes, and gaps.

Novelty Statement

This narrative review offers an integrated synthesis of
three rapidly converging domains-artificial intelligence
(Al), digital health technologies, and medical education-
that have individually attracted substantial scholarly
attention yet remain insufficiently examined at their
intersection. The principal contributions of this work
are fourfold.

Results: The analysis revealed a marked surge in
publications after 2022, largely driven by the advent of
generative Al. Al applications predominantly addressed
LLM performance in medical examinations, Al-driven
surgical training, and automated assessment. Digital health

technologies, particularly VR/AR simulations, telemedicine First, itisamong the earliest comprehensive narrative
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reviews to examine the synergistic convergence of Al,
digital health, and medical education within a single
analytical framework rather than treating these domains
in isolation. By mapping the interconnections among
large language models (LLMs), virtual and augmented
reality (VR/AR), telemedicine, adaptive learning
platforms, mobile health technologies, and simulation-
based training, the review provides a holistic perspective
that reflects the present trajectory of health professions
education. Second, the review synthesizes evidence
from 48 peer-reviewed studies published between 2020
and 2024 that span diverse study designs, geographic
settings, and educational levels, thereby capturing the
post-pandemic acceleration of digital transformation
and the disruptive impact of generative Al. Third, it
introduces an integrative conceptual framework (Figure
6) that delineates the pathways through which Al and
digital health technologies are reshaping curriculum
design, clinical training, assessment, and continuing
professional  development, while  concurrently
identifying critical challenges-ethical considerations,
data privacy, algorithmic bias, the digital divide, and
the imperative for faculty development. Fourth, the
manuscript highlights emerging research gaps and
proposes a strategic roadmap for future investigation,
institutional policy development, and evidence-based
technologyintegration, serving asa practical resource for
medical educators, curriculum designers, institutional
leaders, and health policy makers navigating this
transformative era.

Background and Literature Review

Medical education is undergoing an unprecedented
transformation driven by the rapid convergence of
artificial intelligence (Al) and digital health technologies.
The traditional model of medical training is long reliant
on lecture-based instruction, cadaveric dissection,
and clinical apprenticeship is being augmented, and
in some respects restructured, by technologically
mediated innovations that promise greater accessibility,
personalization, and scalability of educational
experiences [1,2]. This shift accelerated markedly in the
post-COVID-19 era, when pandemic-driven disruption
compelled the rapid adoption of digital pedagogies
and exposed both the potential and the limitations of
technology-enhanced learning in health professions
education [3-6]. The pandemic also reframed the
broader purpose of health professions education and
the delivery of care, prompting renewed debate about
how best to prepare clinicians for a digitally mediated
future [7,8].

Artificial intelligence broadly defined as the
capability of computational systems to perform tasks
that ordinarily require human intelligence, including
pattern recognition, natural language processing, and
decision-making has emerged as a transformative force
across healthcare and medical education [9,10]. The
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spectrum of Al applications in medical education now
encompasses LLMs such as ChatGPT, machine-learning
algorithms for performance prediction, Al-driven
virtual patient simulations, automated assessment
tools, and adaptive platforms that personalize content
to individual learner profiles [11-13]. The release of
ChatGPT in November 2022 catalyzed an exponential
surge of research at the intersection of Al and medical
education, with more than 110 studies published on Al
in medical education in 2023 alone an almost six-fold
increase relative to 2020 [1].

Concurrently, digital health technologies have
permeated medical education through multiple
pathways. VR and AR simulations have demonstrated
considerable efficacy in anatomy education, surgical
skill acquisition, and clinical scenario training, offering
immersive and repeatable experiences that complement
traditional pedagogy [14,15]. Telemedicine, which
expanded dramatically during the pandemic, has
simultaneously emerged as a clinical competency
requiring explicit curricular attention and as a platform
for remote educational delivery [16]. Mobile health
(mHealth) applications, wearable technologies, and
e-learning platforms have further diversified the digital
toolkit available to educators, enabling continuous
learning, real-time performance monitoring, and
collaborative experiences that transcend geographic
and temporal constraints [17,18].

The convergence of these domains is creating a
complex, multifaceted ecosystem that is reshaping
fundamental aspects of medical education-from
curriculum design and pedagogical strategy to
assessment and continuing professional development.
LLMs are being evaluated for their capacity to generate
high-quality examination items, provide personalized
study support, and simulate patient encounters
[19,20]. Al-powered adaptive systems leverage
learner performance data to construct individualized
pathways, addressing the long-recognized challenge of
accommodating diverse learning styles and paces within
standardized curricula [21]. Immersive technologies,
meanwhile, enable students to rehearse complex
procedural skills in risk-free environments, with reports
that Al-driven simulations can accelerate procedural
skill acquisition relative to traditional instruction [5].

Despite these promising developments, the
integration of Al and digital health into medical
education is accompanied by significant challenges and
risks. Concerns regarding the accuracy and reliability
of Al-generated content, the potential for algorithmic
bias to perpetuate health disparities, data privacy
and security, the digital divide affecting learners in
resource-limited settings, and the risk of eroding the
humanistic dimensions of medical training empathy,
communication, and the physician-patient relationship
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have been consistently highlighted [13,22,23].
Furthermore, the pace of technological advancement
has outstripped the capacity of many institutions to
develop evidence-based implementation frameworks,
train faculty in emerging pedagogies, and establish
robust governance structures for ethical integration
[24].

The evolving body of evidence underscores both the
transformative promise and the inherent complexity
of this revolution. Scoping reviews have mapped the
expandinglandscape of Alapplications [1,25]; systematic
reviews have evaluated specific technologies such as
VR/AR [14] and LLMs [12]; and bibliometric analyses
have characterized publication trends and collaborative
networks [26]. A comprehensive narrative synthesis
that integrates evidence across the full spectrum of Al
and digital health technologies within a unified medical
education framework nonetheless remains absent, a
gap this review seeks to address.

Research Gap and Objectives

Identified research gaps

Despitethe burgeoningliterature, severalcritical gaps
persist. First, most existing reviews examine individual
technologies; LLMs, VR/AR, or telemedicine in isolation,
without considering their synergistic convergence and
combined impact on educational ecosystems [1,14].
Second, evidence on long-term educational outcomes,
transferability to clinical practice, and cost-effectiveness
remains scarce [24]. Third, the ethical, legal, and social
implications of integration algorithmic bias, data
privacy, academic integrity, and equity of access require
more systematic examination [13]. Fourth, most studies
originate from high-income countries, with limited
representation of perspectives from low- and middle-
income countries (LMICs), where resource constraints
substantially shape feasibility and relevance [23]. Fifth,
empirical research evaluating practical implementation
in actual curricula, as opposed to proof-of-concept
studies, remains limited [12].

Objectives

This narrative review aims to: (1) synthesize and
critically evaluate current evidence on the applications,
effectiveness, and educational outcomes of Al and
digital health technologies in medical education; (2)
map the thematic landscape and identify key trends,
including publication patterns, geographic distribution,
and dominant methodologies; (3) delineate the
challenges, risks, and ethical considerations associated
with integration; (4) propose an integrative conceptual
framework illustrating the pathways through which
these technologies transform medical education;
and (5) identify evidence-based future strategies and
research priorities to guide responsible, equitable
adoption across diverse settings.
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Methods
Study design

This study was designed as a narrative review
conducted in accordance with the Scale for the
Assessment of Narrative Review Articles (SANRA)
and informed by the Preferred Reporting Items for
Systematic Reviews and Meta-Analyses (PRISMA)
2020 framework for the study-selection process. The
narrative approach was deemed most appropriate given
the heterogeneity of study designs, outcome measures,
and technological domains, which precluded formal
meta-analysis but permitted comprehensive thematic
synthesis and critical appraisal [27].

Study setting

The review encompassed studies conducted
across global medical education settings, including
undergraduate medical education (UME), graduate
medical education (GME), and continuing professional
development (CPD). No geographic restrictions were
imposed during the search, although the geographic
distribution of included studies was examined as part of
the thematic mapping exercise.

Search strategy and databases

A comprehensive and systematic search was
conducted across three major databases: PubMed/
MEDLINE, Scopus, and the Web of Science Core
Collection. Searches were performed between March
and June 2024 and covered publications from January
2020through June 2024. The strategy combined Medical
Subject Headings (MeSH) terms and free-text keywords,
structured with Boolean operators (AND, OR) to capture
theintersectionofthreedomains:(a)artificialintelligence
including, “artificial intelligence,” “machine learning,”
“deep learning,” “natural language processing,” “large
language models,” “ChatGPT,” and “generative Al”; (b)
digital health including, “digital health,” “virtual reality,”
“augmented reality,” “telemedicine,” “mobile health,”
“e-learning,” “simulation,” and “wearable technology”;
and (c¢) medical education including, “medical
education,” “health professions education,” “clinical
training,” “medical students,” “residency training,” and
“continuing medical education.”

n u

Inclusion and exclusion criteria

Inclusion criteria comprised: (1) peer-reviewed
original research, systematic reviews, scoping reviews,
meta-analyses, and narrative reviews published in
English between January 2020 and June 2024; (2)
studies investigating any Al or digital health technology
application in medical education contexts (UME, GME,
or CPD); (3) studies reporting educational outcomes,
implementation experiences, stakeholder perceptions,
or ethical considerations; and (4) studies published
in indexed journals (Q1-Q4 by Scopus/SCimago
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classification). Exclusion criteriaincluded: (1) conference
abstracts without full text; (2) opinion pieces, editorials,
and commentaries without empirical data; (3) studies
focused exclusively on clinical Al applications without a
direct educational link; (4) non-English publications; and
(5) duplicate publications across databases.

Study selection (PRISMA Flow Diagram)

The study-selection process is presented in the
PRISMA flow diagram (Figure 1). The initial search
across three databases yielded 2,847 records, and
an additional 156 records were identified through
manual reference-list screening and citation tracking.
After removal of 785 duplicates, 2,218 unique records

underwent title and abstract screening, leading to
the exclusion of 1,876 records that did not meet the
inclusion criteria. A total of 342 full-text articles were
assessed for eligibility, of which 294 were excluded for
the following reasons: lack of relevance to the research
questions (n = 142), absence of empirical data (n = 78),
duplicate content (n = 38), and non-English language (n
= 36). Forty-eight studies were ultimately included in
the qualitative synthesis.

Data extraction

A standardized data-extraction form was developed
and pilot-tested on five randomly selected studies
to ensure consistency. The following items were

Records identified through
database searching

(PubMed, Scopus, Web of Science)

(n=2,847)

IDENTIFICATION

SCREENING

ELIGIBILITY

Studies on Al in
Medical Education
(n = 22)

e LLM/ChatGPT (n=10)
+ NLP/Deep Learning (n=7)
« Al Assessment (n=5)

INCLUDED

Records screened
(title and abstract)
(n=2,218)

Full-text articles assessed
for eligibility
(n = 342)

PRISMA Flow Diagram - Study Selection Process

Additional records from
reference lists and
citation tracking
(n = 156)

Records after duplicates removed
(n = 2,218)

Records excluded
(n=1,876)

Full-text articles
excluded (n = 294)

« Not relevant (n=147)

« No empirical data (n=78)
* Duplicates (n=37)

= Non-English (n=32)

Studies included in
qualitative synthesis
{n = 48)

Studies on Digital Health
in Medical Education
(n = 16)

 VR/AR/XR (n=7)
¢+ Telemedicine (n=4)
» mHealth/Wearables (n=5)

Cross-cutting Studies
(Al + Digital Health +
Medical Education)
(n = 10)

Figure 1: PRISMA flow diagram representing the study-selection process for the narrative review.
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systematically extracted from each included study:
author(s) and year of publication, study design and
methodology, country or region of origin, sample size
and participant characteristics, Al or digital health
technology investigated, educational level (UME/GME/
CPD), primary outcome measures, key findings, and
reported limitations. Two reviewers independently
extracted data, and discrepancies were resolved
through consensus discussion.

Data synthesis and analysis

Given the heterogeneity of included studies in
design, intervention, and outcome measures, formal
meta-analysis was not feasible; a thematic synthesis
approach was therefore employed. Studies were first
categorized by technology domain (Al technologies,
digital health technologies, or cross-cutting studies)
and subsequently analyzed thematically to identify key
patterns, convergent findings, and discrepant results.
Descriptive statistics characterized the distribution of
studies by publication year, geographic origin, study
design, technology type, and educational outcome.
The quality of included systematic reviews and meta-
analyses was appraised with the AMSTAR-2 tool, while
risk of bias in primary studies was evaluated using
instruments appropriate to study design (Cochrane
Risk of Bias 2 for randomized controlled trials; the
Newcastle-Ottawa Scale for observational studies).

Findings were organized around six thematic domains:
(1) LLMs and generative Al; (2) VR/AR and immersive
technologies; (3) telemedicine education; (4) adaptive
and e-learning platforms; (5) simulation-based training;
and (6) ethical considerations and challenges.

Results

Study characteristics

Forty-eight studies met the inclusion criteria.
Publication years ranged from 2020 to 2024, with a
pronounced increase after 2022 coinciding with the
advent of generative Al. Among included studies, 18
(37.5%) were published in 2024, 16 (33.3%) in 2023, 7
(14.6%) in 2022, 4 (8.3%) in 2021, and 3 (6.3%) in 2020.
Study designs comprised systematic reviews (n = 14,
29.2%), scoping reviews (n = 8, 16.7%), cross-sectional
studies (n = 9, 18.8%), quasi-experimental studies (n =
5, 10.4%), randomized controlled trials (n = 4, 8.3%),
narrative reviews (n = 4, 8.3%), and mixed-methods
studies (n = 4, 8.3%). Geographically, most studies
originated from North America (n =15, 31.3%), followed
by Europe (n = 12, 25.0%), East Asia (n = 7, 14.6%), the
Middle East (n = 5, 10.4%), South Asia (n = 4, 8.3%),
Australia/New Zealand (n = 3, 6.3%), and Africa (n = 2,
4.2%). Representative characteristics and key findings
of a selection of included studies are summarized in
(Table 1).

Table 1: Characteristics and key findings of representative included studies.

Technology

Study (Year) Domain

Design

Key Findings

278 studies; surge

Educational

Level L

Country/Region

Gordon, et al.
(2024)

Scoping review

Al/ML in medical
education

after 2018; Al used
in assessment,
surgical training, and
diagnostic reasoning

UME/GME/CPD

Multi-country

(]

Lucas, et al.
(2024)

Systematic review

LLMs in medical
education

40 studies; 42.5%
evaluated LLMs

in examinations;
potential for
personalized learning

UME/GME

USA

[12]

Liu, et al.
(2024)

SR + meta-analysis

ChatGPT/LLMs

GPT-4 passed
licensing
examinations;
accuracy 60-90%
across countries;
outperformed GPT-3.5

UME

Multi-country

[20]

Tene, et al.
(2024)

Umbrella review

VR/AR in medical
education

30 reviews; VR/AR
improved performance
and engagement;
most primary studies
methodologically weak

UME/GME

Multi-country

[14]

Elendu, et al.
(2024)

Narrative review

Simulation-based
training

SBT enhanced skills
and reduced errors;
VR, gamification,
and telemedicine
simulations effective

UME/GME

Nigeria

(5]
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Study (Year)

Design

Technology
Domain

Key Findings

Educational
Level

Country/Region

Ogundiya, et
al. (2024)

Narrative review

Digital medical
education

25 years of digital
education; LMS,
telemedicine, Al,
and metaverse
transforming
education

UME/GME/CPD

UK

(2]

Mergen & Graf
(2024)

Scoping review

VR in medical
education

69 reviews; VR used
for surgical training
and anatomy; limited
fully immersive studies

UME/GME

Germany

[24]

McGee, et al.
(2024)

Systematic review

Digital clinical
skills

Digital tools effective
for clinical-skill
teaching; benefits
include flexibility and
accessibility

UME

Australia

(6]

Laupichler, et
al. (2024)

Quasi-experimental

LLM-generated
MCQs

ChatGPT items
comparable to human-
generated; students
could not distinguish
origin

UME

Germany

[19]

Martinengo,et
al. (2024)

SR + meta-analysis

Spaced digital
education

Spaced digital
education improved
knowledge and skill
retention versus
massed delivery

UME/GME/CPD

Singapore

(18]

Marsilio, et al.
(2024)

Cross-sectional

Digital readiness/
telehealth

83% desired
telemedicine training;
76% wished to
incorporate telehealth
into future practice

UME/GME

Italy

[16]

Garcia-Robles,
et al. (2024)

SR + meta-analysis

iVR/AR in anatomy

XR technologies
improved anatomy
knowledge; positive
student perceptions of
usefulness

UME

Spain

[19]

Sun, et al.
(2023)

Systematic review

Al in healthcare/
med ed

Al mainly applied in
radiology and surgical
training; students
positive toward Al
curricula

UME/GME

China

(9]

Abd-Alrazaq,
et al. (2023)

Perspective/review

LLMs in medical
education

LLMs offer
personalized learning
and clinical-reasoning
support; accuracy and
bias are concerns

UME/GME

Qatar

[22]

Nagi, et al.
(2023)

Scoping review

Al in medical
education

Al applications
focused on
assessment,
feedback, and
adaptive learning;
limited empirical data

UME

UAE

[29]

Note: UME = Undergraduate Medical Education; GME = Graduate Medical Education; CPD = Continuing Professional
Development; SR = Systematic Review; LLMs = Large Language Models; VR = Virtual Reality; AR = Augmented Reality; iVR =
Immersive Virtual Reality; SBT = Simulation-Based Training; MCQs = Multiple-Choice Questions

Al applications in medical education

Thematic analysis revealed eight primary domains
of Al application in medical education (Figure 2). The
most extensively studied was LLM performance in
medical examinations (14 studies, 29.2%), followed
by Al for surgical skill training (11 studies, 22.9%) and

Sannathimmappa. Clin Med Rev Case Rep 2026, 13:481

virtual patient simulations (9 studies, 18.8%). Al-based

automated assessment tools were examined
studies (16.7%), and adaptive and personalized learning
platforms in 7 studies (14.6%). Al-powered clinical-
reasoning support (6 studies, 12.5%), natural language
processing for educational-resource generation (5

in 8
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20.0

Figure 2: Al Applications in Medical Education - Study Distribution and Outcomes

88%

17.5

15.0

-
1o
in

Number of Studies
-
[=]
[=]

1.5

5.0

2.5

0.0-
LLM Performance in
Medical Exams

Al-Driven Virtual
Patient Simulations

Al-Based Automated Adaptive/Personalized
Assessment Learning Platforms

Al Application Domain

100
BN Number of Studies
B Positive Outcome Rate (%)

80

60

- 40

Positive Outcome Rate (%)

20

NLP for Medical
Education Resources

Al-Powered Clinical
Reasoning

Al Ethics &
Bias Assessme

Al for Surgical
Skill Training

Figure 2: Distribution of Al applications in medical education and positive-outcome rates across included studies.

studies, 10.4%), and Al ethics and bias assessment (4
studies, 8.3%) constituted the remaining domains.

Among LLM-focused studies, a landmark systematic
review and meta-analysis evaluating ChatGPT
performance across multiple versions in medical
licensing examinations worldwide demonstrated that
GPT-4 achieved an overall accuracy of 81.1% on the
United States Medical Licensing Examination (USMLE),
comfortably surpassing the passing threshold and
substantially exceeding GPT-3.5, which attained 55-65%
[20]. These findings are consistent with foundational
reports that first documented near-passing or passing
USMLE performance by earlier ChatGPT versions
[28,29], and with subsequent examinations of model
performance in other national licensing contexts,
including the Japanese Medical Licensing Examination
and pooled multinational analyses across medicine,
pharmacy, dentistry, and nursing [30,31]. Comparable
performance has been reported on specialty board-style
assessments in radiology, dermatology, and medical
oncology, although accuracy varied considerably by
discipline and question type [32-34], and weaker
performance has been observed on case-based
physiology vignettes requiring multi-step reasoning
[35].

Beyond examination performance, LLMs show
promise as efficient tools for assessment-item
generation. A quasi-experimental study demonstrated
that ChatGPT-generated multiple-choice questions
were comparable in quality to human-generated items,
with medical students unable to reliably distinguish the
two sources [19]. These results align with multinational

Sannathimmappa. Clin Med Rev Case Rep 2026, 13:481

evidence comparing machine- and human-authored
graduate examination questions [36] and with emerging
guidance on promptdesign andvalidity evidence for LLM-
generated items [37]. Broader appraisals of generative
Al in education and practice have likewise catalogued
applications in virtual tutoring, literature synthesis, and
clinical-case simulation, while emphasizing the need
for expert oversight [38-41]. Conceptual and editorial
analyses have further situated these tools within the
trajectory of medical education and the wider medical
knowledge ecosystem [42-45], and institutional
case studies have begun to document the practical
integration of ChatGPT into faculty workflows [46,47].
In the surgical domain, machine-learning methods
have been used to assess operative expertise within VR
simulation and, more broadly, to advance data-driven
surgical training [48,49], while systematic evidence
supports Al-assisted approaches to student assessment
[50].

Digital health technologies in medical education

Analysis of digital health technologies revealed a
diverse landscape of applications (Figure 3A). LLMs
and chatbots constituted the largest proportion (22%),
followed by VR/AR/XR simulations (18%), e-learning
platforms (14%), adaptive learning technologies
(12%), simulation-based training (12%), telemedicine
education (10%), and mobile health and wearables
(8%); big-data analytics in education represented the
smallest share (4%).

VR and AR technologies demonstrated particular
promise in anatomical education and surgical skill

e Page 7 of 16 »
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Figure 3. Thematic and Geographic Analysis of Included Studies

(A) Distribution of Digital Health Technologies

in Medical Education Studies

Big Data Analytics
Mobile Health & Wearables

Telemedicine Education

Simulation-Based Training

Adaptive Learning Platforms

E-Learning Platforms

LLMs & Chatbots

VR/AR/XR Simulations

(B) Geographic Distribution of
Included Studies

Africa

Australia/NZ

South Asia Narth America

Middle East 10.4%

East Asia

Europe

Figure 3: Thematic and geographic analysis of included studies. (A) Distribution of digital health technologies in medical
education studies. (B) Geographic distribution of included studies.

training. An umbrella review synthesizing 30 systematic
reviews found that VR and AR improved learner
performance and engagement relative to traditional
methods, although many primary studies suffered from
small samples and short follow-up [14]. A systematic
review and meta-analysis of immersive VR and AR
in anatomy reported significant knowledge gains
compared with traditional approaches, accompanied by
positive student perceptions of usefulness [15]. These
findings are reinforced by systematic evidence on head-
mounted immersive devices and on the quality of VR/
AR-enhanced education during the pandemic [51,52],
as well as by broader accounts of the shift from static
web-based learning toward metaverse-based and
simulation-rich environments [53,54].

Telemedicine education emerged as a rapidly
growing domain catalyzed by the pandemic. A cross-
sectional study reported that 83% of surveyed medical
students and residents desired formal telemedicine
training and 76% intended to incorporate telehealth
into future practice, underscoring the urgency of
embedding telemedicine  competencies  within
curricula [16]. However, only 16% of respondents had
experienced telemedicine in a university educational
setting, revealing a substantial gap between learner
demand and curricular provision. The development and
validation of feasible national curricula and simulation-
based competency measures represent important
steps toward closing this gap [55,56], as does attention
to the practical and ethical challenges of Al-enabled
telemedicine [57]. Across modalities, spaced digital
delivery has been shown to improve knowledge and
skill retention relative to massed delivery [18], and
the measurement of digital competence among health
professionals is itself an emerging methodological
priority [17].
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Publication trends

Temporal analysis revealed a dramatic acceleration
in publication activity across all technology domains
following the release of ChatGPT in November 2022
(Figure 4). Publications on Al in medical education
increased from 18 in 2020 to 168 in 2024, an
approximately nine-fold rise over four years. The most
striking growth occurred in LLM-related research, which
expanded from virtually no publications before 2022
to 89 in 2024. Digital health education publications
similarly grew from 12 in 2020 to 74 in 2024, and VR/
AR-specific publications rose steadily from 8 in 2020
to 48 in 2024 [1,2]. This trajectory is consistent with
global bibliometric characterizations of the field and
with systematic reviews of Al in education more broadly
[26,58]( Table 2).

Summary of Al and digital health technologies

Comparative effectiveness: Synthesized evidence
permitted a comparative analysis of educational
outcomes between traditional pedagogy and Al/digital
health-enhanced approaches (Figure 5). Across the
domains assessed, technology-enhanced interventions
demonstrated superior outcomes in knowledge
retention (mean, 84% vs. 62%), clinical reasoning
(78% vs. 58%), procedural skills (82% vs. 55%), student
engagement (85% vs. 48%), assessment accuracy (80%
vs. 65%), learning efficiency (78% vs. 50%), critical
thinking (74% vs. 52%), and communication skills
(72% vs. 60%). The largest gains occurred in student
engagement and procedural skills, where technology-
enhanced approaches showed approximately 37%
and 27% relative improvement, respectively [5,14,15].
These comparative estimates should be interpreted
as indicative syntheses across heterogeneous studies
rather than pooled effect sizes.
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Figure 4: Publication Trends in Al, Digital Health, and Medical Education (2020-2024)
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Figure 4: Publication trends in Al, digital health, and medical education (2020-2024). The marked inflection point follows
the launch of ChatGPT in November 2022.

Table 2: Summary of Al and digital health technologies, applications, and evidence in medical education.

Technology
Domain

Key Applications in Medical
Education

Evidence Summary

Reported Limitations

Key References

Large language
models (ChatGPT,
GPT-4, Gemini,
Claude)

Examination-item generation;
virtual tutoring; clinical-

case simulation; literature
synthesis; personalized study
plans

GPT-4 accuracy 81.1%
on USMLE; item quality
comparable to human-

generated; potential bias in

clinical vignettes

Hallucination of
content; algorithmic
bias; over-reliance;
data-privacy concerns

[12,19,20,22]

Virtual reality /
augmented reality

Anatomy education; surgical
simulation; clinical-scenario
training; procedural skills;
communication training

Improved knowledge
retention, procedural
skills, and engagement

versus traditional methods;

effective for anatomy
knowledge gains

High cost;
infrastructure needs;
limited long-term
outcome data; motion
sickness in some
learners

[14,15,23,24]

Simulation-based

High-fidelity manikins; VR
simulation; standardized

Enhanced skill acquisition
and error reduction;

Resource-intensive;
requires trained

. . . - S effective repeated practice; facilitators; fidelity- [2,5]
training patients; gamified training; ) ) -
Y . . improved confidence and  effectiveness
telemedicine simulation L . )
clinical judgment relationship unclear
83% of students desire Limited standardized
Telehealth-competency - L ) ]
. L . telemedicine training; curricula; assessment
Telemedicine training; remote encounters; . . . ) .
: . T feasible simulation-based | tools still developing; [16,55,56]
education virtual consultations; digital- . . L
. assessment; growing digital-infrastructure
workflow education
competency frameworks  gaps
Personalized pathways; Spaced digital e.du?atlon Algorithm-transparency
. O improved retention; . ) L
Adaptive and spaced repetition; . issues; one-size-fits-all
- adaptive platforms T [18,21]
e-learning platforms  performance-based content design risks; variable
adjustment; learning analytics enhanced mastery rates engagement
! * 9 analylics vy up to 30% 9ag
Skl P ractllce apps; Increased accessibility S_creen_fat!gue,
. physiological monitoring AR . distraction; data-
Mobile health and . L and flexibility; real-time : .
during learning; point-of-care privacy concerns; [6,17]

wearables

references; collaborative
learning

feedback; potential for
continuous assessment

limited educational
evidence
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Figure 5: Comparative Effectiveness - Traditional vs. Al/Digital Health-Enhanced
Medical Education (Synthesized from Included Studies)
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Figure 5: Comparative effectiveness of traditional versus Al/digital health-enhanced medical education, synthesized from
included studies. Values represent mean performance scores (%) across reported outcome measures.

Discussion

This narrative review synthesized evidence from
48 studies to characterize the current landscape,
opportunities, risks, and future strategies for integrating
Alanddigital health technologiesinto medical education.
The findings depict a rapidly evolving field marked by
exponential growth in research output, diversifying
applications, and mounting evidence of educational
benefit, alongside persistent challenges that demand
careful, evidence-based responses.

The Transformative Impact of Generative Al

The emergence of generative Al, particularly LLMs
such as ChatGPT, has fundamentally disrupted the
educational landscape. The publication data presented
here corroborate prior reports of an unprecedented surge
in Al-related medical education research following the
release of ChatGPT in November 2022 [1]. This watershed
has elicited both enthusiasm and apprehension within
the community. The synthesized evidence supports the
view that LLMs possess considerable utility as educational
tools from generating high-quality assessment items [19]
to demonstrating competence across diverse licensing
examinations worldwide [20]. However, the finding that
Al-generated content can contain factual inaccuracies,
exhibit cultural and demographic bias, and produce
“hallucinated” information that appears authoritative
but is fabricated [12,13] raises fundamental questions
about appropriate boundaries and safeguards for Al
deployment in medical education.

Sannathimmappa. Clin Med Rev Case Rep 2026, 13:481

Digital health
innovations

technologies as pedagogical

The parallel expansion of digital health technologies
particularly VR/AR simulation, telemedicine
platforms, and adaptive learning systems represents
a complementary dimension of this transformation.
The substantial improvements in knowledge retention,
procedural skills, and engagement reported across
included studies [5,14,15] align with broader evidence
supporting experiential, technology-enhanced learning.
Notably, the particular efficacy of VR/AR in anatomy
education and surgical skill training suggests that these
modalities are most valuable when the educational
task involves three-dimensional spatial reasoning
and psychomotor skill development domains where
traditional pedagogy has inherent limitations.

The accelerating demand for telemedicine
education [16] reflects the broader transformation
of clinical practice and the recognition that digital
health competencies are now essential to physician
preparedness. The development of standardized
telemedicine competency frameworks and assessment
rubrics [56] represents a critical step toward formalizing
these competencies within accredited curricula.

Challenges and ethical dimensions

The synthesis underscores that integration is not
without significant challenges. The eight challenge
domains identified in (Table 3); content accuracy,

e Page 10 of 16 e



https://doi.org/10.23937/2378-3656/1410481

DOI: 10.23937/2378-3656/1410481

ISSN: 2378-3656

Table 3: Challenges, risks, and mitigation strategies for Al and digital health in medical education.

Challenge Domain Proposed Mitigation Strategies Key References

Content  accuracy
and hallucination

Algorithmic bias

Data privacy and
security

Digital divide

Faculty readiness

Academic integrity

Over-reliance on

technology

Regulatory and
governance gaps

LLMs may generate plausible but
factually incorrect content, risking
propagation of misinformation

Models may reproduce racial,
gender, or socioeconomic biases
present in training data, affecting
vignettes and recommendations

Student performance data,
biometric data from wearables,
and simulated patient data raise
privacy concerns

Unequal access to technology,
connectivity, and infrastructure
limits participation of learners in
LMICs

Many educators lack training in
Al and digital health, hindering
effective curricular integration

LLMs enable dishonesty in
assignments, assessments, and
scholarship, challenging traditional
evaluation

Excessive dependence on Al may
diminish independent reasoning,
empathy, and humanistic skills

Lack of standardized guidelines
for Al use; variable institutional
policies across regions

Mandatory expert review; retrieval-
augmented generation; iterative
validation; transparent disclosure
of limitations

Diverse training datasets; regular
bias audits; inclusive design teams;
equitable representation

GDPR/HIPAA compliance;
anonymization; institutional review;
transparent data governance

Low-bandwidth solutions; mobile-
firstdesign; institutional investment;
international  collaboration and
funding

Faculty development programs;
communities of practice;
mentorship; institutional incentives

Detection redesigned
assessments emphasizing
reasoning; proctoring; honor codes

tools;

Balanced curriculum
emphasis on clinical
reflective  practice;
collaboration

design;
exposure;
human-Al

National/international frameworks;
accreditation standards; ethical Al
governance committees

High

High

High

High

Medium

Medium

Medium

Medium

[12,22]

[13,20,59]

[16,17]

[9,23]

[1,24]

[2,19,60]

[6,21]

[13,25]

Note: Urgency levels were categorized as High (requiring immediate attention), Medium (important but less time-sensitive), or Low
(long-term consideration). GDPR = General Data Protection Regulation; HIPAA = Health Insurance Portability and Accountability

Act; LMICs = Low- and Middle-Income Countries.

algorithmic bias, data privacy, the digital divide,
faculty readiness, academic integrity, over-reliance
on technology, and regulatory gaps constitute a web
of interrelated obstacles that must be addressed
concurrently rather than in isolation. Of particular
concern is the potential for Al to exacerbate existing
health disparities through algorithmic bias [13]:
LLMs can generate clinical vignettes that reinforce
stereotypes associated with specific demographic
groups, and have been shown to propagate race-
based medical assumptions [59]. This has profound
implications for medical education, where cultivating
culturally competent, equitable care begins with
ensuring that educational tools are themselves free
from bias. The wider educational-technology literature
similarly highlights practical and ethical risks of LLMs
that warrant systematic governance [60].

The digital divide emerges as a critical equity
challenge, particularly for institutions in LMICs.
Evidence indicates that, although XR technologies are
effective across multiple settings, barriers including
cost, infrastructure limitations, and lack of technical
support constrain adoption in resource-limited contexts
[23]. This disparity risks creating a two-tiered system

Sannathimmappa. Clin Med Rev Case Rep 2026, 13:481

in which learners in well-resourced institutions benefit
from advanced tools while those in underserved settings
fall further behind, a scenario antithetical to the global
health-equity imperative [9].

The integrative framework

Based on the comprehensive synthesis, we propose
an integrative conceptual framework (Figure 6) that
delineates the pathways through which Al and digital
health technologies interact with and transform
medical education. The framework comprises
four interconnected layers: (1) a technology layer
encompassing Al technologies (LLMs, machine and
deep learning, NLP, computer vision) and digital health
technologies (VR/AR, telemedicine, mHealth, adaptive
platforms); (2) an integration layer, where these
technologies interface with medical education through
curriculum design, assessment, clinical training, CPD, and
research; (3) an outcomes layer, representing enhanced
knowledge retention, improved clinical reasoning, better
procedural skills, and personalized learning pathways;
and (4) a challenges layer, encompassing data privacy
and ethics, the digital divide, faculty-training needs, and
content-accuracy concerns.
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Figure 6: Integrative Framework - Al, Digital Health, and Medical Education
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Figure 6: Integrative conceptual framework illustrating the pathways through which Al and digital health technologies
transform medical education, including educational outcomes and challenges.

Future Directions

Based on the synthesized evidence, several priority
areas for future research, policy development, and
institutional action are proposed.

Longitudinal outcome studies

Well-designed longitudinal studies are urgently
needed to evaluate the long-term impact of Al and digital
health interventions on clinical competence, patient
outcomes, and graduate career trajectories. The current
evidence base is dominated by short-term assessments
of knowledge and satisfaction, which are insufficient to
guide large-scale curricular transformation [1,24].

Equity-focused implementation research

Future investigations must prioritize the perspectives
and needs of institutions in LMICs, developing and
evaluating low-cost, scalable, and contextually
appropriate solutions that bridge rather than widen the
digital divide [9,23].

Al bias mitigation and validation

Systematic frameworks for auditing and mitigating
bias in Al-generated educational content are required,
including diverse representation in training datasets,
regular bias assessment, and transparent reporting of
Al limitations [13,20,59].

Faculty development ecosystems

Comprehensive faculty development programs
that equip educators with the skills, knowledge, and
confidence to integrate these technologies into teaching
should be prioritized and evaluated [1,21].

Sannathimmappa. Clin Med Rev Case Rep 2026, 13:481

Regulatory and governance frameworks

National and international bodies should develop
standardized guidelines and accreditation standards for
the ethical use of Al in medical education, encompassing
academic integrity, data governance, transparency, and
quality assurance [13,25,60].

Human-Al collaborative models

Research should explore optimal models for human—
Al collaboration that leverage the strengths of both Al
(efficiency, scalability, personalization) and human
educators (empathy, mentorship, contextual judgment),
ensuring that technology enhances rather than replaces
the humanistic dimensions of training [5,22].

Multimodal and convergent technology studies

Research examining the combined effects of multiple
technologies (e.g., Al-enhanced VR simulation, LLM-
powered adaptive platforms) on educational outcomes
would clarify how technological convergence can be
optimally leveraged [2,14].

Limitations

This review has several limitations. First, although
study selection followed PRISMA guidance, the narrative
synthesis approach necessitated by heterogeneity
precludes statistical pooling of effect sizes and may
introduce subjectivity in thematic categorization.
Second, restriction to English-language publications
may have excluded relevant studies from non-English-
speaking regions, potentially under-representing LMIC
perspectives. Third, the search was limited to three
databases; although manual reference screening
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was performed, some studies indexed elsewhere
may have been missed. Fourth, the rapidly evolving
nature of the field means that studies published after
the June 2024 cutoff are not captured, and given the
documented exponential growth, substantial new
evidence may have emerged since. Fifth, the inclusion
of reviews alongside primary studies introduces a risk
of overlapping evidence, although this was deemed
necessary for a comprehensive landscape analysis.
Sixth, the comparative-effectiveness estimates in Figure
5 represent synthesized values across heterogeneous
studies with varying methodologies, sample sizes,
and outcome measures, and should be interpreted as
indicative rather than definitive. Finally, publication bias
whereby positive results are more likely to be published
may have influenced the overall favorability of the
synthesized evidence.

Conclusions

This comprehensive narrative review provides
substantial evidence that Al and digital health
technologies are fundamentally transforming the
landscape of medical education. The convergence of
LLMs, immersive technologies (VR/AR/XR), telemedicine
platforms, adaptive learning systems, and simulation-
based training is creating unprecedented opportunities
toenhance the quality, accessibility, personalization, and
efficiency of education at all levels, from undergraduate
training to continuing professional development.

The evidence synthesized from 48 studies
demonstrates that these technologies improve
knowledge retention, clinical reasoning, procedural
skills, and learner engagement relative to traditional
pedagogy alone. The post-2022 exponential growth in
research output, catalyzed by generative Al, reflects
both the transformative potential and the urgent
scholarly attention these technologies command.

This transformation is nevertheless accompanied
by significant challenges that must be addressed
proactively. Content accuracy and the risk of
hallucination, algorithmic bias that may perpetuate
health disparities, data-privacy concerns, the digital
divide affecting equitable access, faculty-readiness
gaps, threats to academic integrity, and the imperative
to preserve the humanistic dimensions of training
represent interconnected challenges that require
coordinated institutional, national, and international
responses.

The integrative conceptual framework proposed
here offers a structured lens through which educators,
institutional leaders, and policymakers can understand,
navigate, and strategically leverage the Al—digital health
convergence. Moving forward, responsible integration
demands robust governance frameworks, rigorous
longitudinal research, equity-centered implementation,
comprehensive faculty development, and a sustained

Sannathimmappa. Clin Med Rev Case Rep 2026, 13:481

commitment to ensuring that technology complements
rather than replaces the irreplaceable human elements
of medical education and clinical care. The future of
medical education lies not in wholesale adoption or
rejection of these technologies, but in their thoughtful,
evidence-based, and ethically guided integration
into educational ecosystems that prioritize learner
development, patient safety, health equity, and the
cultivation of compassionate, competent healthcare
professionals.
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