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Abstract
Background: Health professions education faces increasing challenges from rising health care complexity, pedagogical shifts,
and constrained curricular space, and rapidly expanding knowledge and technological advances. While artificial intelligence
(AI) shows promise for transforming health professions education, evidence of its effectiveness remains unclear.
Objective: This study synthesized evidence from randomized controlled trials (RCTs) on the effectiveness of AI in undergrad-
uate health professions education.
Methods: We included RCTs, randomized crossover trials, and cluster RCTs comparing AI against standard educational
interventions at the undergraduate level. We excluded quasi-experimental studies and those without clear AI components. We
searched PubMed, Cochrane, Embase, Educational Resources Information Center, and Web of Science up to January 26, 2026.
Outcomes were categorized according by Kirkpatrick levels; risk of bias was assessed using the Risk Of Bias Instrument
for Use in Systematic Reviews for Randomised Controlled Trials tool; random-effects meta-analysis was conducted in
RevMan (Cochrane); and certainty of evidence was rated using the Grading of Recommendations, Assessment, Development,
and Evaluation approach. AI interventions were subcategorized by technology type and educational functions, yielding 13
subcategories.
Results: Of 39,783 records identified, 66 RCTs (N=4911 participants; 2020-2026) were included. Subcategorized analyses
across 7 outcome domains yielded 48 comparisons. Most studies had high risk of bias, mainly due to poor allocation conceal-
ment and blinding, and certainty of evidence ranged from low to very low. Large language model (LLM)–based personalized
learning aids comprised the largest evidence base and showed positive effects for satisfaction (standardized mean difference
[SMD] 0.93, 95% CI 0.40-1.46; 7 studies; 430 participants; I²=74%), confidence (SMD 0.91, 95% CI 0.54-1.29; 7 studies; 609
participants; I²=64%), and theoretical knowledge (SMD 0.53, 95% CI 0.13-0.94; 12 studies; 955 participants; I²=86%), all with
very low certainty. Other AI subtypes, including LLM content generators, natural language processing (NLP) chatbots, and
non-LLM adaptive learning platforms, showed generally favorable point estimates but substantial heterogeneity and wide CIs,
often included no effect. Prediction intervals frequently crossed the null, indicating uncertainty across educational setting. No
studies assessed Kirkpatrick levels 3 or 4.
Conclusions: This review synthesized RCT evidence on AI in undergraduate health professions education by technology type
and function, incorporating evidence certainty. Despite the large number of included studies, evidence remains insufficient to
inform educational practice. Some AI interventions may improve some learning outcomes, but effects are inconsistent and not
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reliably reproducible. High risk of bias, heterogeneity, imprecision, and absence of higher-level outcomes limit conclusions. AI
applications should therefore be used cautiously and on a trial basis.
Trial Registration: PROSPERO CRD42021243832; https://www.crd.york.ac.uk/PROSPERO/view/CRD42021243832

JMIR Med Educ 2026;12:e88933; doi: 10.2196/88933
Keywords: health professions education; undergraduate; artificial intelligence; meta-analysis; educational resource; large
languge model

Introduction
Background
Health professions education is rapidly expanding, with an
estimated growth rate of 13.3% per year in the global
health education market from 2024, reaching US $264 billion
by 2030, according to a market analysis report [1]. This
growth reflects rising health care complexity, expanding
knowledge bases, increasing pedagogical demands, evolving
learner expectations, and technological capabilities [2,3].
Traditional health professions education approaches struggle
to keep pace with these changes because of challenges in
incorporating innovations within the constraints of curricular
space [4] and resistance from educators and stakeholders
[5]. Educators face substantial pressure to deliver compre-
hensive curricular content while ensuring understanding and
practical competency in a personalized, student-directed
learning paradigm [6]. The challenge is compounded by the
lack of strong evidence linking the adoption of any educa-
tional approach to consistent improvements in a demonstrated
chain of relevant outcomes, from learning perception and
knowledge to real-life practice and eventual health outcomes
[7,8]. The COVID-19 pandemic accelerated the adoption of
digital technologies in health professions education but also
highlighted their limitations [9]. Artificial intelligence (AI),
which has been applied in health professions education for
over 2 decades [10], is now seen as a potentially powerful
option to address these challenges given its recent rapid
advancements.

A widely accepted definition of AI is the “science of
making machines do things that would require intelligence
if done by humans” [11]. AI in its many forms, including
machine learning (ML), deep learning (DL), and artificial
neural networks, has been used to analyze data patterns and
make predictions with efficiency and consistency unmatched
by humans [12]. Generative AI, a form of DL, has rapidly
gained traction across a wide range of fields, including
education, following the introduction of ChatGPT (OpenAI),
a large language model (LLM), in November 2022 [13].

In health professions education, AI has been used in
teaching-learning and assessment for over 2 decades [10].
AI-powered systems for teaching-learning include intelligent
tutoring systems [14], adaptive learning platforms [15], and
surgical training simulators such as the virtual operative
assistant [16]. In assessment, AI has been used to auto-
mate student scoring and predict future performance in
health disciplines [17]. To this end, LLMs have emerged
as particularly influential, supporting clinical learning note

compilation and summarization, virtual patient simulation,
and personalized mentoring while facilitating self-directed
learning and writing assistance [18]. While some studies
have reported impressive performance of LLMs in under-
graduate and postgraduate medical examinations [19], others
have shown considerable gaps between LLMs and human
experts in clinical diagnostic abilities [20]. The findings raise
concerns about the appropriate use and limitations of LLMs
in contemporary medical education [21].

Rationale
Despite extensive AI use in health professions education,
fundamental questions about effectiveness remain unclear.
While one recent meta-analysis examined early studies
on the use of generative AI in medical education [22],
no prior review has comprehensively synthesized random-
ized controlled trial (RCT) evidence across all forms of
AI, including ML, DL, and generative AI, specifically in
undergraduate health professions education, which differs
from postgraduate training in pedagogical approaches [23].
Published reviews on AI in health professions education
are mostly scoping or narrative reviews that are useful in
providing guidance on the extent, facilitators, and barriers
of AI. However, they do not provide quantitative effect
estimates, which are essential for educators and research-
ers who seek to understand the magnitude of benefits or
harm from AI applications, particularly for undergraduate
education. The surge in AI publications following ChatGPT’s
November 2022 introduction [13] has created a critical
mass of RCT evidence that is rapidly expanding, enabling
meaningful meta-analysis.
Objectives
This systematic review and meta-analysis aimed to syn-
thesize evidence on the effects of AI educational applica-
tions, compared with standard teaching methods, on learning
outcomes among undergraduate health professions students.

Methods
Eligibility Criteria
We included RCTs, randomized crossover, and cluster-
randomized trials that enrolled undergraduate students of
health sciences, including medicine, pharmacy, nursing, and
allied health. We accepted studies conducted in any health
training setting, including clinical teaching that involved
patient engagement, skills training, classroom learning in the
form of problem-based, task-based, or case-based learning,
written assignments, as well as any form of assessment across
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all periods of follow-up. We excluded studies that evaluated
postgraduate or residency training to limit the scope of our
review, given the sufficient number of studies published at the
undergraduate level. We imposed no restrictions on publica-
tion year, language, or report format (abstract or full paper).

In terms of intervention, we accepted studies that explicitly
reported the use of AI, which included ML, DL, or gener-
ative AI, chiefly LLMs, used for teaching and assessment
purposes, either as the main or supplementary tool. We
only included studies that evaluated robotics and virtual or
augmented reality with a clear description of AI involvement,
as these applications may or may not involve an operating AI
component [24]. We classified AI interventions as genera-
tive AI if they were explicitly described as using LLMs or
other generative architectures capable of producing novel
text, images, or dialogue in response to user input (eg,
ChatGPT, GPT-4–based tutors (OpenAI), and LLM-driven
virtual patients). We classified all remaining AI interventions
as nongenerative AI, including ML and DL applications
that analyze or classify data without generating novel output
(eg, imaging diagnostic aids, automated scoring systems, and
rule-based chatbots). The comparison included conventional
methods of teaching and assessment involving direct human
face-to-face input, as well as the use of various teaching-
learning technologies except AI.

The review outcomes included any form of learning gain,
evaluated using various scales in accordance with the levels
depicted in the Kirkpatrick Model of Evaluation, a framework
developed by Kirkpatrick in 1959 [25] and that has since
been widely used in evaluating all forms of training. The list
of outcomes is detailed under the subsequent subheading of
Data Items. We included studies that fulfilled the criteria in
terms of population and intervention, regardless of whether
the study reported relevant outcomes or produced suitable
outcome data for our meta-analysis.
Information Sources
We searched MEDLINE (PubMed), the Cochrane Central
Register of Controlled Trials (which included records from
PubMed, Embase, CINAHL, and trial registers, including
the World Health Organization (WHO) International Trials
Registry Platform and ClinicalTrials.gov), Embase, Web
of Science (Ovid), and Educational Resources Information
Center for published studies and trial register records up to
January 26, 2026. We searched the reference lists of relevant
reviews for additional studies but did not identify any. We
did not search conferences or other online sources or contact
authors or personnel for additional studies.
Search Strategies
We report the search strategies following the PRISMA-S
(Preferred Reporting Items for Systematic Reviews and
Meta-Analyses–Search extension) guideline [26]. The search
strategies were developed by an author (NML) who has
extensive systematic review experience, and were reviewed
by another author (QCO) with systematic review experi-
ence (refer to Part 2 in Multimedia Appendix 1 for search

strategies). We searched without applying any preset search
filter or any language and publication type restriction.
Data Collection Process
Two authors (NML and YSL) independently screened titles
and abstracts for shortlisting and evaluated shortlisted papers
in full text to determine eligibility, after deduplication
using EndNote (version 19; Clarivate). One author (NML)
used Claude Sonnet (Anthropic) [27], an LLM application,
to perform preliminary data extraction, including popula-
tion, intervention, comparison, and outcomes, and verified
accuracy against the full texts. We provided the LLM with
structured prompts that included the overall context, aided by
the background information (background and methodology of
the current review) as well as a data extraction spreadsheet
template with desired headings, assigning the LLM a role as
an expert in systematic review methodology, and instructing
the platform to read and extract stipulated data types in a
step-by-step manner, pointing out the location of the data
source to facilitate human verification (examples of prompts
are available in Part 11 in Multimedia Appendix 1), and
manually transcribed the verified data into an Excel (Micro-
soft) spreadsheet, while a second author (QCO) cross-checked
the extracted data by NML against the full texts. We assessed
multiple publications of the same study via the setting and
characteristics as enumerated above and only selected the
reference with the most complete description of the study
as the primary reference. We resolved disagreements by
discussion leading to a consensus, with referral to the third
author (MTW) as required.
Data Items
We extracted participant characteristics, including setting
(field of health professions education, eg, medicine, nurs-
ing, and dentistry), specific subject or skills evaluated (eg,
clinical skills, ophthalmology, radiograph interpretation, and
denture mounting), the region where the study was conducted,
intervention technologies (eg, LLM or non-LLM and specific
technology used, including the main purpose of teaching
and learning vs assessment), frequency and duration of the
intervention, assessment and follow-up period, outcomes
reported, and funding sources.

We categorized the outcomes, based on the Kirkpatrick
Model of Training Evaluation into perceptionor satisfac-
tion and self-efficacy or confidence (level 1), knowledge
gain (theoretical knowledge, clinical skills, practical skills
[including competence and task efficiency], and generic or
personal skills) (level 2), behavioral change assessed from
real-life practice (level 3), and improvement in outcomes at
the level of the recipient, namely, patient health outcomes
(level 4) [28].
Assessment of Missing Data
If we found a significant dropout rate (>20%), we would
judge the study at high risk of bias in terms of missing
outcome data. We did not contact any author to request
further information, as we did not consider any missing data
to be critical for our meta-analysis.
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Study Risk-of-Bias Assessment
Two authors (NML and QCO) independently assessed risk
of bias using the ROBUST-RCT (Risk Of Bias Instrument
for Use in Systematic Reviews for Randomised Controlled
Trials) tool, developed by Wang et al [29], with adaptation in
the domain of blinding from “health providers” to “education
providers.” The tool consisted of 6 core domains (random
sequence generation, allocation concealment, blinding of
participants, blinding of educational providers, blinding of
outcome assessors, and outcome data not included in the
analysis), with 8 optional domains that we did not assess.
Detailed guidance, including suggested rules and a decision
table of the tool, is freely available in the additional material
of the paper by Wang et al [29].

Risk of bias was assessed separately for subjective and
objective outcomes, particularly for items related to blinding
of education providers. For subjective outcomes, we split
blinding of providers (Item 4) into 2 subdomains. Item 4a
(perception and satisfaction) was rated probably low risk,
as anonymous self-reporting by adult learners is unlikely
to be systematically influenced by unblinded providers in
the absence of evidence of coercion or deliberate influence
on ratings. Item 4b (confidence and self-perceived compe-
tence) was rated probably high risk by default, as unblin-
ded providers can plausibly influence learners’ self-appraisals
through differential feedback, encouragement, and valida-
tion beyond the educational content delivered; exceptions
were made for programs that were largely self-directed or
used highly standardized provider-learner interactions. For
objective outcomes, Item 4 was similarly rated probably
high risk by default, as differential input from unblinded
providers can affect actual competence even when outcomes
are objectively scored, with exceptions for standardized or
self-directed programs.

In ROBUST-RCT, there is no explicit rule provided in
assigning the overall risk-of-bias status. Consequently, we
described the risk of bias per study per domain and evaluated
the overall degree of concern regarding risk of bias in our
certainty of evidence rating by judging the proportion of
high-risk domains in the body of evidence, as detailed in Part
1 in Multimedia Appendix 1. For example, if the majority of
the included studies for the outcome assessed had a single
high-risk domain (with blinding as a whole considered as 1
domain for this purpose), we would consider the body of
evidence to have serious concerns in terms of risk of bias,
and downgrade the certainty of the evidence by 1 level due
to study limitations. However, if the majority of the included
studies had 2 or more high-risk domains, we would consider
the body of evidence to have very serious concerns in terms
of risk of bias and downgrade the certainty of the evidence by
2 levels due to study limitations.
Effect Measures
For continuous outcomes, we used standardized mean
difference (SMD) to pool the study results, as each included
study reported its outcome data using different scales. We
used Cohen benchmarks as a descriptive reference (SMD

<0.2 small, 0.2‐0.5 small to medium, >0.5‐0.8 medium to
large, and >0.8 large) [30], while recognizing that these
thresholds were not developed for educational intervention
contexts and should not be interpreted as definitive indices of
educational importance [31]. Accordingly, we contextualized
effect sizes using a default minimally important difference
of SMD 0.5, consistent with the empirically derived half-
standard-deviation rule [32], applying this threshold in our
interpretation of synthesis results. For dichotomous outcomes,
we reported the results using relative risk (RR).
Synthesis Methods
Studies with suitable numerical outcome data, either reported
in text, table or derivable from figures were eligible for
synthesis; those presenting results only narratively were
excluded. We derived missing SD by multiplying the SE
with the square root of the sample size in the corresponding
group. For studies that reported their results in median and
IQR, we approximated the median as the mean and obtained
an estimate of the SD by dividing the IQR by 1.35, as
recommended by Hozo et al [33]. Examples of studies from
which we derived outcome data are available in Part 1 in
Multimedia Appendix 1. For multiarm studies, we selected
the relevant AI and control arms. In studies with multiple
control groups, we selected the group representing the current
standard educational intervention. We ensured each study
appeared only once per analysis to avoid counting participants
multiple times. For randomized crossover studies, we planned
to include outcome data from the first period only, before
the crossover, following one of the approaches suggested in
the Cochrane Handbook [34]. If first-period data were not
available, we would accept the data as reported by the authors
and conduct sensitivity analysis to assess the impact of these
crossover studies on the pooled results.

We tabulated major components of the intervention and
comparison in each study in the characteristics of inclu-
ded studies table (Part 5 in Multimedia Appendix 1). We
performed separate comparisons for each subcategory of
AI application and divided the outcomes according to the
levels of the Kirkpatrick Model of Training Evaluation [25],
with further division for different subdomains based on
the characteristics of the outcomes assessed, for example,
self-efficacy and attitude (level 1) and theoretical knowledge,
clinical, and practical skills (level 2), following discussion
among the review authors.

If studies reported multiple outcomes in the same domain,
we exercised our judgment in selecting the most suitable
outcomes for our meta-analysis following a discussion among
the review authors. For example, we used a combined score
in preference to scores for individual components, and if no
combined scores were reported, we selected one component
that was most relevant to the domain; and if there were
multiple components of equal relevance, we manually derived
the combined mean and SD following the formula recommen-
ded in Chapter 10 of the Cochrane Handbook [35].

We presented our meta-analysis results graphically using
forest plots. However, because of the large number of
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meta-analyses performed, we presented the synthesis results
numerically in Table 1 and kept all the analysis details,

including the forest plots in Multimedia Appendices 1 and
2.

Table 1. The full analysis results for each comparison between artificial intelligence (AI) subcategories and controlto with prediction intervals where
applicable and certainty of evidence.

Outcome and specific
comparison Studies (participants) I²

Results (point
estimate with 95%
CI)

95% prediction
interval

Certainty of evidence
(GRADEa)

Kirkpatrick level 1: satisfaction or motivation
  LLMb content generator vs

control
5 (509) 96% SMDc 0.65 (−0.73 to

2.04)
−2.67 to 3.98 Very low

  LLM personalized learning
aid vs control

7 (430) 74% SMD 0.93 (0.40 to
1.46)

−0.40 to 2.26 Very low

  LLM virtual patient vs
control

3 (127) 64% SMD 0.69 (−0.83 to
2.21)

−1.86 to 3.24 Very low

  LLM content generator +
LLM virtual patient + LLM
personalized learning aid vs
control

1 (88) N/A SMD −0.02 (−0.44 to
0.40)

N/Ah Very low

  LLM-integrated curriculum
vs control

1 (96) N/A SMD 1.31 (0.87 to
1.76)

N/A Very low

  Non-LLM AIe-moderated
adaptive learning platform
vs control

2 (143) 0% SMD 0.55 (−1.00 to
2.11)

−1.00 to 2.11 Very low

  NLPf rule-based chatbot vs
control

2 (146) 74% SMD 0.74 (−3.65 to
5.13)

−6.18 to 7.66 Very low

  NLP rule-based chatbot +
rule based virtual patient vs
control

1 (61) N/A SMD 0.17 (−0.33 to
0.67)

N/A Very low

  NLP rule-based virtual
patient vs control

1 (79) N/A SMD 0.75 (0.29 to
1.20)

N/A Low

Kirkpatrick level 1: self-efficacy or confidence
  LLM personalized learning

aid vs control
7 (609) 64% SMD 0.91 (0.54 to

1.29)
0.05 to 1.77 Very low

  LLM virtual patient vs
control

2 (100) 91% SMD 1.36 (−8.09 to
10.81)

−14.49 to 17.20 Very low

  LLM-integrated curriculum
vs control

1 (96) N/A SMD 1.23 (0.79 to
1.67)

N/A Very low

  Non-LLM AI procedure
assistant vs control

1 (40) N/A SMD 0.00 (−0.62 to
0.62)

N/A Very low

  Non-LLM AI moderated
adaptive learning platform
vs control

1 (40) N/A SMD 2.45 (1.61 to
3.28)

N/A Low

  NLP rule-based chatbot vs
control

2 (146) 43% SMD 0.87 (−2.11 to
3.86)

−3.21 to 4.96 Very low

  Non-LLM AI-VRg virtual
doctor vs control

1 (64) N/A SMD −0.68 (−1.18
to−0.17)

N/A Very low

  AI procedure assistant +
adaptive learning platform
vs control

1 (20) N/A SMD 0.55 (−0.34 to
1.45)

N/A Very low

  AI procedure assistant (non-
LLM) vs control
(proportion of participants
confident in
echocardiography view)

1 (43) N/A RR 1.26 (0.45 to
3.50)

N/A Very low

Kirkpatrick level 2: theoretical knowledge score
  LLM content generator vs

control
3 (359) 93% SMD 0.99 (−1.04 to

3.01)
−2.96 to 4.93 Very low

  LLM gamification tool vs
control

1 (48) N/A SMD 0.79 (0.20 to
1.38)

N/A Low
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Outcome and specific
comparison Studies (participants) I²

Results (point
estimate with 95%
CI)

95% prediction
interval

Certainty of evidence
(GRADEa)

  LLM personalized learning
aid vs control

12 (955) 86% SMD 0.53 (0.13 to
0.94)

−0.81 to 1.88 Very low

  Non-LLM AI moderated
adaptive learning platform
vs control

1 (40) N/A SMD 0.68 (0.04 to
1.32)

N/A Low

  NLP rule-based chatbot vs
control

3 (530) 97% SMD 1.06 (−2.19 to
4.32)

−5.28 to 7.41 Very low

  Non-LLM AI imaging
diagnostic aid vs control

2 (69) 78% SMD 1.26 (−6.23 to
8.74)

−10.73 to 13.24 Very low

  Non-LLM AI-VR virtual
doctor vs control

1 (64) N/A SMD 0.67 (0.16 to
1.17)

N/A Very low

  Proportion with grade A or
B: non-LLM AI
gamification tool vs control

1 (73) N/A RR 1.33 (1.01 to
1.74)

N/A Very low

Kirkpatrick level 2: clinical skills
  LLM content generator vs

control
2 (295) 97% SMD 0.52 (−8.66 to

9.69)
−15.22 to 16.25 Very low

  LLM personalized learning
aid vs control

9 (609) 83% SMD 0.49 (0.00 to
0.97)

−0.93 to 1.90 Very low

  LLM virtual patient vs
control

1 (56) N/A SMD 2.53 (1.82 to
3.25)

N/A Low

  LLM content generator +
LLM virtual patient + LLM
personalized learning aid vs
control

1 (88) N/A SMD −0.11 (−0.53 to
0.31)

N/A Very low

  LLM virtual patient + LLM
personalized learning aid vs
control

3 (124) 95% SMD 1.82 (−3.63 to
7.27)

−8.61 to 12.24 Very low

  Non-LLM AI imaging
diagnostic aid vs control

4 (176) 62% SMD 0.43 (−0.41 to
1.27)

−1.13 to 1.99 Very low

  Non-LLM AI moderated
adaptive learning platform
vs control

2 (139) 98% SMD 0.59 (−19.98 to
21.17)

−34.78 to 35.97 Very low

  NLP rule-based virtual
patient vs control

1 (79) N/A SMD 2.03 (1.49 to
2.58)

N/A Moderate

  NLP rule-based chatbot +
virtual patient vs control

1 (61) N/A SMD 0.24 (−0.26 to
0.74)

N/A Very low

  AI-VR virtual doctor vs
control

1 (64) N/A SMD 0.21 (−0.28 to
0.71)

N/A Very low

  AI procedure assistant +
AI-moderated adaptive
learning platform vs control

1 (20) N/A SMD 0.80 (−0.12 to
1.72)

N/A Very low

Kirkpatrick level 2: practical skills
  LLM personalized learning

aid vs control
1 (187) N/A SMD 0.67 (0.37 to

0.96)
N/A Low

  Non-LLM AI procedure
assistant vs control

6 (305) 92% SMD 0.18 (−0.97 to
1.34)

−2.77 to 3.13 Low

Kirkpatrick level 2: task efficiency (time taken to perform tasks)
  LLM personalized learning

aid vs control
2 (100) 47% SMD −0.15 (−4.24 to

3.95)
−5.99 to 5.69 Very low

  Non-LLM AI imaging
diagnostic aid vs control

1 (40) N/A SMD 2.70 (1.82 to
3.58)

N/A Very low

  Non-LLM AI procedure
assistant vs control

2 (52) 88% SMD −1.26 (−14.65
to 12.12)

−23.49 to 20.96 Very low

  Non-LLM AI procedure
assistant + AI-moderated

1 (20) N/A SMD −0.87 (−1.80 to
0.05)

N/A Very low
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Outcome and specific
comparison Studies (participants) I²

Results (point
estimate with 95%
CI)

95% prediction
interval

Certainty of evidence
(GRADEa)

adaptive learning platform
vs control

Kirkpatrick level 2: generic or personal skills
  LLM personalized learning

aid vs control
1 (101) N/A SMD 0.45 (0.05 to

0.84)
N/A Low

  LLM virtual patient vs
control

1 (27) N/A SMD 0.00 (−1.06 to
1.06)

N/A Very low

  LLM-integrated curriculum
vs control

1 (96) N/A SMD 0.60 (0.19 to
1.01)

N/A Moderate

  Non-LLM AI
communication analysis vs
control

1 (25) N/A SMD 1.85 (0.88 to
2.81)

N/A Low

  AI-VR virtual doctor vs
control

1 (64) N/A SMD 0.31 (−0.18 to
0.81)

N/A Low

aGRADE: Grading of Recommendations, Assessment, Development, and Evaluation.
bLLM: large language model.
cSMD: standardized mean difference.
dNot applicable.
eAI: artificial intelligence.
fNLP: natural language processing.
gAI-VR: artificial intelligence–virtual reality.

We performed random-effects meta-analysis via the inverse-
variance method using Review Manager (RevMan) online
software (Cochrane), with between-study variance estima-
ted using the restricted maximum likelihood method. We
presented all point estimates with their 95% CIs, gen-
erated using the Hartung-Knapp-Sidik-Jonkman method,
as simulation studies suggest this approach provides
more appropriate coverage probabilities, particularly when
heterogeneity is substantial [36,37]. To identify and quan-
tify heterogeneity, we visually inspected the forest plots
and used the I2 statistic (detailed below in the “Assessment
of Heterogeneity” subheading), with generation of a 95%
prediction interval (PI) as an indication of the likely range
of effects in individual studies [35].
Assessment of Heterogeneity
We evaluated heterogeneity statistically and explored
plausible explanations in terms of educational characteristics
of the studies [38]. We used the I2 statistic with a cutoff of
50% to indicate substantial heterogeneity [38]. If substantial
heterogeneity was found, we explored educational character-
istics via subgroup analyses in terms of the field or pro-
gram evaluated, the region where the study was conducted,
the category of AI intervention delivered (divided broadly
into LLM and non-LLM), the major purpose of interven-
tion (teaching-learning or assessment), and the frequency of
intervention (single or multiple sessions across a period of
time). As part of heterogeneity exploration, we generated a
95% PI, which indicated the expected range of true effects in
similar individual studies [39]. AI subcategories and outcome
types were not part of the heterogeneity exploration, as
we had already separated the analyses according to these
subcategories, as well as grouped the outcomes according to
Kirkpatrick levels.

Sensitivity Analysis
We planned to conduct sensitivity analyses by restricting
analyses to studies at low or probably low risk of bias
for each domain where at least 5 studies were available in
each risk stratum, consistent with Cochrane guidance [35].
However, sensitivity analysis was only feasible based on
2 risk-of-bias domains and for only 1 analysis, as detailed
below in the Results section.
Publication and Reporting Bias
Assessment
We created funnel plots to screen for small-study effects,
a possible reason for publication bias, for outcomes in
which there were ≥10 studies. If a funnel plot showed
significant asymmetry, we would downgrade the certainty
of the evidence based on a strong suspicion of publication
bias from small-study effects [40]. However, in this review,
the substantial heterogeneity observed across outcomes
rendered funnel plot interpretation unreliable, especially when
asymmetry is present [41]. Nonetheless, the single funnel plot
generated in our review did not show significant asymmetry.
We did not specifically assess the risk of bias from miss-
ing results in a meta-analysis (ie, reporting biases), using
recently introduced risk-of-bias tools, such as the RoB-ME
tool developed by Page et al [42].
Certainty of Evidence Rating
Two authors (NML and QCO) independently assessed the
certainty of the evidence for 7 major outcomes for each
comparison, namely, self-efficacy or confidence, attitude or
satisfaction, theoretical knowledge, clinical skills, practical
skills, task efficiency, and generic or personal skills using
the Grading of Recommendations, Assessment, Development,
and Evaluation approach [43]. We considered evidence from
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RCTs as high certainty to begin with, downgrading 1 level for
serious (or 2 levels for very serious) limitations based upon
5 considerations: risk of bias, inconsistency across studies,
indirectness of the evidence, imprecision of estimates, and
publication bias (refer to Part 1 in Multimedia Appendix 1 for
details). We used GRADEpro GDT (The GRADE Working
Group) to create the summary of findings table (Part 3 in
Multimedia Appendix 1).
Ethical Considerations
This work is a systematic review and meta-analysis of
previously published studies; therefore, no ethics approval
or consent to participate was required. The review was
registered in PROSPERO (CRD42021243832). We conduc-
ted the review following Cochrane methods [38] and reported
according to the PRISMA (Preferred Reporting Items for
Systematic Reviews and Meta-Analyses) 2020 guidelines
[44] (Checklist 1), with particular reference to the PRISMA
2020 expanded checklist [45] in the structure of our paper.
Additional details on our methods, including changes from
the protocol, are described in Part 1 in Multimedia Appendix
1.

Results
Study Selection
The initial search identified 39,783 records, with 35,785
records remaining after deduplication. The vast majority of
the initial records (n=35,608) were clearly nonrelevant from
an inspection of the title or abstract, and these were rejected
outright. We shortlisted 177 papers that appeared relevant
and assessed their full texts in depth, excluding an additional
73 papers due to mismatch in study design (n=31, 42.5%
papers), population (not undergraduate students; n=14, 19.2%
papers), or intervention (not AI; n=28, 38.4% papers) (refer
to Figure 1 for reasons for exclusion and Part 4 in Multi-
media Appendix 1 for the full list). We also identified 30
relevant ongoing studies. Finally, we included 74 records that
described 66 studies in our analysis, as 3 studies had multiple
records, including 3 with 2 records [46-48], 1 with 3 records
[49], and 1 with 4 records [50]. The flow diagram of the
studies from the initial search to meta-analysis is shown in
Figure 1.
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Figure 1. PRISMA (Preferred Reporting Items for Systematic Reviews and Meta-Analyses) flow diagram depicting the process from initial screening
to final inclusion. AI: artificial intelligence.
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Study Characteristics
The characteristics of included studies are summarized as
follows (refer to Part 5 in Multimedia Appendix 1 for a
detailed tabulation).
Design and Setting
Out of 66 included studies (N=4911 participants) published
between 2020 and 2026 [46-49,51-116], 58 (87.9%) were
parallel RCTs, 7 (10.6%) were randomized crossover trials,
and 1 (1.5%) was a cluster-randomized trial. Most stud-
ies were conducted in China (n=14, 21.2%), followed by
Turkey (n=11, 16.7%), the United States (n=5, 7.6%), Canada
(n=4, 6.1%), Germany and Taiwan (n=3 each, 4.5%), and
Italy, South Korea, Hong Kong, Morocco, Singapore and
the United Kingdom (n=2 each, 3%), with a single study
conducted in each of Colombia, Denmark, France, India,
Ireland, Israel, Japan, New Zealand, Norway, Pakistan, Spain,
and Thailand, with 2 multicenter studies involving differ-
ent countries [66,84]. The number of participants per study
ranged from 16 [47,79] to 426 [97], with 63 [82,102] as the
median sample size.
Population and Educational Field
Over half of the included studies enrolled students from
medicine (n=35, 53%), followed by nursing (n=15, 22.7%),
dentistry (n=9, 13.6%), physiotherapy, pharmacy, and health
sciences (n=2 each, 3%), and optometry (n=1, 1.5%).
Within each program, there was a wide range of disciplines
assessed. In medicine, these included preclinical sciences
(physiology, anatomy, pathology, pharmacology, biochemis-
try, immunology, microbiology, and histology), as well as
clinical specialties such as internal medicine, cardiorespira-
tory medicine, gastroenterology, pulmonology, obstetrics and
gynecology, ophthalmology, urology, radiology, neurosur-
gery, surgery, and emergency and critical care medicine;
generic skills such as clinical reasoning, evidence-based
medicine, and clinical decision-making were also represented.
In nursing, subfields included surgical nursing, critical care
nursing, sepsis care, clinical skills, communication skills,
medical terminology, and patient education. In dentistry,
areas covered included dental radiology, endodontics,
restorative and operative skills, and prosthodontics. Physio-
therapy studies addressed clinical reasoning and chronic low
back pain rehabilitation, while health sciences studies covered

infection control and chronic disease management. Specific
practical skills assessed across fields included simulated brain
tumor resection, cardiac ultrasonography, and dental access
cavity preparation.
Intervention
The studies used AI mainly as teaching-learning enhance-
ment tools (n=54, 81.8%), as an assessment tool only (n=1,
1.5%) [104], or both (11, 16.7%). LLM applications were
used in 38 (57.6%) studies, primarily featuring ChatGPT
(versions 3.5 and 4.0; Open AI), alongside Gemini (Goo-
gle), Copilot (Microsoft), Perplexity (Perplexity AI, Inc),
Claude (Anthropic), and specialized chatbots. The remaining
28 (42.4%) studies used non-LLM AI systems composed of
specific algorithms such as convolutional neural networks,
linear support vector machines, NLP rule-based architectures,
AI-powered virtual doctor or diagnostic systems, or intelli-
gent monitoring and assessment systems, without any explicit
use of LLM.

The AI applications were further categorized according to
their predominant functions as described in the study. Among
LLM studies, the applications included personalized learning
aids (n=20), clinical content generators (n=6), virtual patients
(n=6), combined virtual patient and personalized learning aid
(n=3), a multifunction LLM combining content generation,
virtual patient simulation, and personalized feedback (n=1), a
gamification tool (n=1), and 1 study described as a general
“LLM-integrated curriculum.”

Among non-LLM studies, applications included AI
procedure assistant (n=7), AI imaging diagnostic aid (n=7),
NLP rule-based chatbot (n=4), and AI-moderated adaptive
learning platform (n=4), as well as an artificial intelli-
gence–virtual reality (AI-VR) virtual doctor, AI communi-
cation analysis system, AI gamification tool, rule-based
virtual patient, a combined NLP rule-based chatbot and
virtual patient, and a combined procedure assistant with
adaptive learning platform (n=1 each). These applications
aimed to assist in achieving competencies from founda-
tional knowledge to complex clinical decision-making. A
working description of each AI subcategory is available in
Table 2. This categorization recognizes potential overlap
between subcategories, as some studies incorporate multiple
AI functionalities or serve overlapping educational purposes.

Table 2. Working description of artificial intelligence (AI) subcategories for the purpose of classification in this review.
AIa subcategory Description
LLMb-based interventions
  LLM content generator LLM-based applications generating educational materials (clinical vignettes,

questions, explanatory text, case presentations, and learning guides).
  LLM gamification tool LLM-powered applications incorporating game-based elements (escape rooms and

interactive challenges) to enhance learning engagement.
  LLM personalized learning aid LLM-based conversational tutors providing on-demand responses, explanations,

postsimulation debriefing, and individualized feedback.
  LLM virtual patient LLM applications simulating patient encounters for clinical history-taking and

communication skills practice.
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AIa subcategory Description
  LLM-integrated curriculum Structured program with LLMs systematically embedded throughout curriculum

delivery without specifying any component in learning.
Non-LLM AI interventions
  AI imaging diagnostic aid AI systems using CNNsc or machine learning to analyze medical images for

diagnostic support, lesion detection, or educational annotation.
  AI gamification tool AI-powered applications incorporating game design elements using specialized

algorithms for interactive skill-based learning.
  AI procedure assistant AI systems providing real-time guidance, quality assessment, or feedback during

practical skills training using machine learning classifiers or computer vision.
  AI-moderated adaptive learning platform Intelligent tutoring systems using algorithms (Deep Q-Networks and sentiment

analysis) to personalize learning pathways and optimize content delivery.
  AI-VRd virtual doctor AI-powered virtual physician characters in VR simulations generating dynamic

clinical responses through AI algorithms.
  Natural language processing (NLP) rule-based chatbot NLP chatbots using structured decision trees and preprogrammed dialogue

patterns to deliver content and provide feedback.
  Rule-based virtual patient Virtual patient systems using decision tree algorithms to simulate patient

responses through predetermined pathways.
  AI communication analysis AI systems using computer vision or behavioral analysis to assess and provide

feedback on learner communication skills.
aAI: artificial intelligence.
bLLM: large language model.
cCNN: convolutional neural network.
dVR: virtual reality.

Study durations varied considerably, from single sessions
of under 3 hours (n=24, 36.4%), short-term from 1 day to
3 weeks (n=19, 28.8%), medium-term from 1 to 2 months
(n=13, 19.7%), and long-term from 2 to 6 months (n=5,
7.6%), with 5 studies not specifying duration.
Comparison
Over half of the studies (n=39, 59.1%) reported the control
group as having received standard methods of learning as
implemented in the existing curriculum, including student
presentations, lectures, web-based tools, standard assessment
procedures with existing technologies led by human tutors,
and human-based simulation methods such as standardized
patients, peer role-play, and real patient-based training. In
18 (27.3%) studies, authors reported that participants in
the control group received the same educational content
without AI tools. Four studies [53,72,79,100] included 2
control groups that used different sources of evidence: 1 from
standard institutional resources and the other from external
resources via online searches. In these studies, we selected the
group that used standard institutional resources as the control
group for our analysis.
Outcome Assessment
According to the Kirkpatrick Model of Evaluation [28], all
studies measured outcomes either in level 1 (reaction) or
level 2 (knowledge), and none reported outcomes in level 3
(real-life practice) or level 4 (health outcomes). The outcomes
reported are summarized as follows:

• Level 1: 36 (54.5%) studies reported attitude, percep-
tion, or satisfaction, and 21 (31.8%) studies reported
self-efficacy or confidence.

• Level 2: 26 (39.4%) studies reported theoretical
knowledge, 30 (45.5%) studies reported clinical skills,

8 (12.1%) studies reported practical skills, 6 (9.1%)
studies reported task efficiency, and 5 (7.6%) studies
reported generic or personal skills.

Most outcomes were measured immediately after the
intervention. Five studies [56,62,67,86,90] in addition
reported outcomes at intermediate time points, ranging from 1
week to 3 months after the intervention.
Funding
Nine (13.6%) studies received funding from government-
linked agencies, including national research councils and
government ministries. Eighteen (27.2%) studies were funded
by universities, hospitals, or dedicated research institutes.
Three studies received contributions from commercial
companies: 2 received in-kind contributions in the form of
AI platform or device access [55,82], and 1 received direct
financial sponsorship from a commercial AI company [98].
Seventeen (25.8%) studies declared no funding, while 19
(28.8%) did not provide any funding statement.
Risk of Bias in Studies
The full risk-of-bias assessment is shown in Part 6 in
Multimedia Appendix 1. There are significant methodolog-
ical limitations across the included studies, particularly
in allocation concealment and blinding. Random sequence
generation was adequate in 44 (66.7%) studies, but alloca-
tion concealment was adequate in only 15 (22.7%) studies.
Nonblinding of participants resulted in high or probably high
risk of bias from differential participant expectations in 55
(83.3%) studies.

Blinding of education providers was similarly not achieved
in all but 4 studies. The risk implications, however, differed
by outcome type. For participants’ perception or satisfaction
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(assessed in 47 studies), nonblinding of providers was judged
probably low risk in 40 (85.1%) studies, on the basis that
anonymous self-reported evaluations of a teaching program
by adult learners were unlikely to be materially influenced by
unblinded providers. For self-efficacy or confidence (assessed
in 24 studies), the majority (n=20, 83.3%) were judged
probably high risk, as provider awareness of group alloca-
tion could plausibly influence student confidence through
differential feedback, encouragement, and validation beyond
the educational content itself; this concern did not apply
to the 4 remaining studies, which used largely self-direc-
ted learning formats [47,68,70,80]. For objective outcomes,
40 (66.7%) studies were judged probably high risk and 20
(33.3%) probably low risk, the latter reflecting programs that
were largely self-directed or sufficiently standardized to limit
meaningful provider influence.

While none of the assessors for subjective, self-reported
outcomes were blinded, blinding of outcome assessors was
achieved in 29 out of 60 (48.3%) studies that evaluated
objective outcomes, but almost all studies were judged to
have low or probably low risk of bias because of clear
documentation of objective assessment criteria, with only
2 studies [110,113] judged as probably high risk due to a
lack of description of the scoring criteria despite reporting
numerical checklists. In terms of missing outcome data, most
studies (n=59, 89.4%) demonstrated low risk of bias.
Results of Individual Studies
Overall, 60 studies (90.9%; n=4506 participants) contrib-
uted suitable data for meta-analysis. The large number of
AI subcategories resulted in numerous comparisons, most
comprising few studies with small sample sizes. The results
of individual studies are presented in the forest plots in
Multimedia Appendix 2. None of the 7 randomized crossover
trials provided separate data for the first period, and so we
included data as reported in the paper where applicable.

Results of Synthesis
A full display of the synthesis results is shown numerically in
Table 1 and graphically in Multimedia Appendix 2. Sub-
stantial heterogeneity was present across almost all pooled
estimates and was not adequately explained by subgroup
analyses based on field and region of study, LLM vs
non-LLM, teaching-learning vs assessment, and single vs
multiple sessions (Multimedia Appendix 2). Consequently,
the certainty of evidence was rated low or very low for most
comparisons (Table 1). Ninety-five percent PIs, reported for
all comparisons with 2 or more studies, were wide through-
out and almost universally included the null value, indicating
highly uncertain effects of AI interventions in any new study
setting.

The results are summarized below, organized by Kirkpa-
trick level.
Kirkpatrick Level 1: Participant
Perception or Satisfaction
Twenty-three (1679 participants) studies assessed participant
perception or satisfaction across 9 AI subtype comparisons
(Table 1).

Among LLM-based comparisons, LLM personalized
learning aids appeared to show an important positive effect
(7 studies, n=430; SMD 0.93, 95% CI 0.40 to 1.46; I²=74%;
95% PI −0.40 to 2.26; Figure 2 [48,70,80,84,113,115,116]),
whereas LLM content generators (5 studies, n=509; SMD
0.65, 95% CI −0.73 to 2.04; I²=96%; 95% PI −2.67 to
3.98; Figure 3 [49,51,61,62,100]) and LLM virtual patients (3
studies, n=127; SMD 0.69, 95% CI −0.83 to 2.21; I²=64%,
95% PI −1.86 to 3.24) showed no clear difference, with
substantial heterogeneity and wide PIs spanning the null. The
remaining comparisons each involved 1 or 2 studies and were
imprecise (Tables 1 and 2).

Figure 2. Forest plot for perception or satisfaction (large language model [LLM] personalized learning aid vs control) [48,70,80,84,113,115,116].
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Figure 3. Forest plot for perception or satisfaction (large language model [LLM] content generator vs control) [49,51,61,62,100].

Self-Efficacy or Confidence
Sixteen studies (1115 participants) assessed self-efficacy or
confidence across 9 AI subtype comparisons, and 1 additional
study reported a dichotomous outcome (Table 1).

The largest comparison was LLM personalized learning
aids, which appeared to show an important positive effect (7
studies, n=609; SMD 0.91, 95% CI 0.54 to 1.29; I²=64%,
95% PI 0.05 to 1.77; very low certainty; Figure 4 [53,70,80,

84,113,115,116]). All other comparisons were based on 1 or 2
studies with no clear differences between groups. One notable
single-study finding was a non-LLM AI-VR virtual doctor
that showed reduced self-efficacy compared with control
(SMD −0.68, 95% CI −1.18 to −0.17; very low certainty).
A separate single study reported the proportion of participants
confident in echocardiography views using a non-LLM AI
procedure assistant, with no clear difference (RR 1.26, 95%
CI 0.45 to 3.50; very low certainty).

Figure 4. Forest plot for self-efficacy or confidence (large language model [LLM] personalized learning aid vs control) [53,70,80,84,113,115,116].

Kirkpatrick Level 2: Theoretical
Knowledge
Twenty-four studies (2126 participants) assessed theoretical
knowledge across 7 AI subtype comparisons, and 1 additional
study reported a dichotomous outcome (Table 1).

The most informative subtype comparison was LLM
personalized learning aids, which appeared to show an
important positive effect but with substantial heterogeneity
(12 studies, n=955; SMD 0.53, 95% CI 0.13 to 0.94; I²=86%,
95% PI −0.81 to 1.88; very low certainty; Figure 5 [53,63,
67,70-72,80,82,84,86,90,113]; publication bias not suggested

from funnel plot, Part 8 in Multimedia Appendix 1). LLM
content generators (3 studies, n=359; SMD 0.99, 95% CI
−1.04 to 3.01; I²=80%, 95% PI −2.96 to 4.93) and NLP
rule-based chatbots (3 studies, n=530; SMD 1.06, 95% CI
−2.19 to 4.32; I²=65%, 95% PI −5.28 to 7.41) showed
imprecise results with substantial heterogeneity and very
wide PIs, all of very low certainty. Single-study compari-
sons of LLM gamification, non-LLM AI-moderated adaptive
learning, and AI-VR virtual doctor each appeared to favor AI,
while a non-LLM AI imaging diagnostic aid comparison (2
studies) was inconclusive (Table 1). One small study reported
the proportion achieving grade A or B with a non-LLM AI
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gamification tool (RR 1.33, 95% CI 1.01 to 1.74; very low
certainty).

Figure 5. Forest plot for theoretical knowledge (large language model [LLM] personalized learning aid vs control) [53,63,67,70-72,80,82,84,86,90,
113].

Clinical Skills
Twenty-six studies (n=1711) assessed clinical skills across 11
AI subtype comparisons (Table 1). The largest comparisons
were LLM personalized learning aids (9 studies, n=609; SMD
0.49, 95% CI 0.00 to 0.97; I²=83%, 95% PI −0.93 to 1.90;
very low certainty; Figure 6 [71,81,84,86,91,113,115,116])
and non-LLM imaging diagnostic aid (4 studies, n=176; SMD
0.43, 95% CI −0.41 to 1.27; I²=62%, 95% PI −1.13 to 1.99;

very low certainty; Figure 7 [56,60,85,99]), which showed no
clear differences between groups and substantial heterogene-
ity. A single study of a NLP rule-based virtual patient showed
a large effect (SMD 2.03, 95% CI 1.49 to 2.58; moderate
certainty), and a single LLM virtual patient study similarly
showed a large effect (SMD 2.53, 95% CI 1.82 to 3.25; low
certainty). The rest of the comparisons were inconclusive.

Figure 6. Forest plot for clinical skills (large language model [LLM] personalized learning aid vs control) [71,81,84,86,91,113,115,116].
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Figure 7. Forest plot for clinical skills (non–large language model [LLM] imaging diagnostic aid vs control) [56,60,85,99].

Practical Skills
Seven studies (492 participants) assessed practical skills
(Table 1). One LLM personalized learning aid study (187
participants) appeared to show an important improvement
(SMD 0.67, 95% CI 0.37 to 0.96; low certainty), whereas 6

studies of non-LLM AI procedure assistants (=305 partici-
pants) showed no clear difference but substantial heterogene-
ity (SMD 0.18, 95% CI −0.97 to 1.34; I²=92%, 95% PI −2.77
to 3.13; low certainty; Figure 8 [49,50,55,58,69,105]).

Figure 8. Forest plot for practical skills (non–large language model [LLM] artificial intelligence [AI] procedure assistant vs control) [49,
50,55,58,69,105].

Task Efficiency
Six studies (212 participants) measured task efficiency,
defined as time taken to complete tasks, across 4 subtype
comparisons (Table 1). A single study of a non-LLM AI
imaging diagnostic aid showed markedly increased time
required to complete task (SMD 2.70, 95% CI 1.82 to 3.58),
whereas other comparisons showed no clear differences, all
with very low certainty.
Generic or Personal Skills
Five studies (313 participants) assessed generic or per-
sonal skills across 5 single-study comparisons (Table 1). A
single LLM-integrated curriculum study appeared to show
an important improvement (SMD 0.60, 95% CI 0.19-1.01;
moderate certainty), as did a single non-LLM AI communica-
tion analysis study (SMD 1.85, 95% CI 0.88 to 2.81; low
certainty). A single LLM personalized learning aid study
showed a small improvement (SMD 0.45, 95% CI 0.05 to

0.84; low certainty). The remaining comparisons showed no
clear differences.
Investigation of Heterogeneity
A detailed report on the results of our heterogeneity explo-
ration is available in Part 7 in Multimedia Appendix 1. In
summary, there was a very high degree of heterogeneity
across almost all outcomes (I²: 86%‐94%) with no consistent
studies or group of studies identified as the chief contribu-
tors. Subgroup analyses (by field and region of study, LLM
vs non-LLM, predominant function, and single vs multiple
sessions), conducted for all outcomes with sufficient studies
(Multimedia Appendix 2), revealed no consistent explana-
tion of heterogeneity, as none of these factors consistently
moderated the direction or magnitude of the pooled estimates.
Sensitivity Analysis
Sensitivity analysis was only feasible for the domains of
random sequence generation and allocation concealment, and
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for the analysis of theoretical knowledge (comparing LLM
personalized learning aid against control), as this was the only
analysis with at least 5 studies in more than 1 risk stratum. In
this analysis, after removing 7 studies with high risk of bias
in allocation concealment, the pooled estimate of 5 remain-
ing studies changed from showing a significant improvement
in knowledge to no significant difference between groups.
This might indicate that low-risk studies tended to show
more conservative estimates, or reflected reduced statistical
power from the smaller number of remaining studies. We
could not perform sensitivity analysis to exclude crossover
trials because in none of the analyses where these trials were
included, there were sufficient studies in each stratum to
enable a meaningful analysis.

Certainty of Evidence
Certainty of evidence was low to very low for most outcomes,
due mainly to study limitations (high risk of bias across
multiple domains), inconsistency (high degree of heteroge-
neity with wide 95% PIs), and imprecision (wide 95% CIs
crossing multiple effect thresholds; for details refer to Part 3
in Multimedia Appendix 1).

Discussion
Principal Findings
This review offers the first comprehensive RCT synthesis
of AI in undergraduate health professions education, with
granular subcategorization by technology type and educa-
tional function across diverse global settings. However,
the wide diversity of AI subcategories produced numerous
specific analyses, most containing few studies with imprecise,
very-low-certainty estimates, leaving the body of evidence
far from sufficient to inform educational practice, despite the
overall large number of included RCTs.

Based predominantly on very low-certainty evidence, the
findings suggest that certain AI intervention types may
improve specific educational outcomes, but the pattern of
benefit is inconsistent. LLM-based personalized learning aids,
with comparatively the largest volume of evidence across
outcomes, show a possible positive effect in perception,
confidence, and knowledge, but the PIs of these outcomes
were wide and mostly crossing the null, indicating substan-
tial uncertainty about the likely effect in future educational
contexts.

Across all other AI subcategories, point estimates were
generally positive but CIs and PIs were wide and typically
crossed the null, precluding firm conclusions. No studies
assessed Kirkpatrick Level 3 (real-world practice change) or
Level 4 (health outcomes), where evidence would be most
compelling for educational policy.

The subcategorized analyses also clarify which com-
parisons remain informationally sparse. Several AI sub-
types, particularly multicomponent interventions and novel
tool combinations, contributed only single-study estimates,
highlighting where future research is most needed.

Comparison With Prior Work
Our findings build on and extend previous syntheses in this
field. Before this work, approximately 50 reviews examined
AI in health education (Part 9 in Multimedia Appendix
1), but the majority are scoping or narrative reviews, and
most express cautious optimism without quantitative evidence
from RCTs. Two meta-analyses evaluating LLMs in national
licensing examinations reported a wide performance range
and concluded that further model development and evaluation
are needed before LLMs can be recommended as primary
teaching tools [117,118]. A scoping review of AI across
medical education similarly concluded that AI applications
show promise but require rigorous evaluation [10].

Most directly comparable to our work is a recent meta-
analysis of 11 RCTs (786 participants) examining gener-
ative AI in medical education, which reported no clear
difference in overall knowledge acquisition but improved
practical skills and satisfaction [22]. Our review extends this
in several important respects: a more recent search (January
2026 vs January 2025), broader scope (all AI applications
and health disciplines, not only generative AI in medicine),
larger evidence base (60 RCTs, 4506 participants in meta-
analysis), systematic subcategorization of AI intervention
types, outcome classification using Kirkpatrick framework,
risk of bias assessment using ROBUST-RCT, and, crucially,
Grading of Recommendations, Assessment, Development,
and Evaluation certainty-of-evidence ratings, absent from all
previously published reviews of this topic. Without certainty
ratings, positive point estimates risk being interpreted as
practice-ready evidence; yet, in almost every comparison,
certainty is low or very low, and PIs indicate that effects may
not reliably reproduce across settings.

Limitations
We acknowledge several limitations of the evidence
gathered and the review process. In terms of the evidence
gathered, despite comprehensive and up-to-date searches,
several limitations require acknowledgment. First, even after
subcategorization, substantial residual heterogeneity remained
within several comparisons (I²: 64%‐98%), which was not
adequately explained by the study characteristics reported.
This heterogeneity likely reflects the inherently context-
dependent nature of educational interventions, where learner
characteristics, instructor expertise, institutional culture,
implementation fidelity, and assessment approaches interact
in ways that are rarely reported in sufficient detail [119,
120]. Rather than invalidating the findings, this suggests the
effectiveness of AI tools may be context-sensitive, shaped by
local factors rarely reported in sufficient detail. The consis-
tent direction of effect (most studies favoring AI) provides a
preliminary signal of benefit, but the magnitude of any effect
in a given setting remains uncertain.

Second, granular subcategorization, while educationally
more informative, resulted in many comparisons based on
only 1 or 2 studies, which are too imprecise to provide
actionable guidance for practice.
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Next, we included 7 crossover trials [47,48,53,66,74,80,
81], which may have additional concerns in their study
design that we have not adequately addressed, because the
newly established ROBUST-RCT tool has not been expan-
ded to cover crossover design [29]. Additionally, none of
these studies provided data separately for the first period,
as desired. However, given that most included studies were
already rated at high risk of bias for allocation concealment
and blinding and the evidence certainty was very low for most
outcomes, this limitation is unlikely to substantially alter the
overall certainty assessments, but cannot be dismissed.

In terms of the review process, despite screening nearly
40,000 records and shortlisting 177 potentially eligible
records, we may have missed studies evaluating AI-enabled
tools (such as robotic or VR-based systems) not described as
AI interventions in their reports. Our risk of bias assessment
and decisions on which outcomes to include for meta-analy-
sis, although transparent, involved some subjective judgment
and might have been influenced by personal biases. Pool-
ing continuous outcomes using SMD across heterogeneous
instruments, particularly for subjective outcomes such as
satisfaction and self-efficacy, is another limitation of this
review; however, we incorporated an SMD of 0.5 as a default
minimally important difference and PIs to improve interpreta-
bility in educational practice. Finally, our subcategorization
of specific AI applications was made for the purpose of
the current review, and our decision to assign one study
to one subcategory or another, although largely reliant on
the information provided by the study, involved subjective
judgment. However, we hope this taxonomy provides a

working framework for future syntheses as the evidence base
grows.
Conclusions and Implications
Early evidence from RCTs suggests that the effects of
AI applications are neither uniform across AI types nor
consistent across settings. Although certain AI intervention
types used in undergraduate health professions education
appeared to improve some educational outcomes, particu-
larly satisfaction and theoretical knowledge with LLM-based
personalized learning aids, the findings are highly heteroge-
neous with low- to very low–certainty evidence and are far
from sufficient in informing educational practice. No studies
have yet assessed real-world practice change or health-related
outcomes, which are the levels of evidence most relevant
to educational policy. We recommend that AI applications
in undergraduate health education continue to be used on a
trial basis. Future RCTs should be adequately powered and
use robust allocation concealment, such as central random-
ization or online systems with real-time allocation, with
transparent documentation. Standardized outcome measures
should be used to minimize performance and detection
bias, with clear reporting of implementation details to
support meaningful subgroup and heterogeneity analyses.
Studies should also begin to assess longer-term Kirkpatrick
Level 3 and 4 outcomes, which reflect real-world behavior
change and patient health outcomes, as these would particu-
larly strengthen the evidence base for educational guideline
adoption.
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