[ Downloaded from edujournal.zums.ac.ir on 2026-08-22 ]

Joarnil el Modica] Ednratimn Jerebgment

Journal of Medical Education Development Volume 19, Issue 3

e-ISSN: 2980-7670 July 2026
https://edujournal.zums.ac.ir Pages: 98-112

Review Article

Artificial intelligence applications in medical education:
systematic review and meta-analysis of performance and

Al-driven interventions

Seyyed Ali Hosseini¥, Ali Rezaian"', Zahra Amirkhani *

Department of Basic Sciences, School of Medicine, Larestan University of Medical Sciences, Lar, Iran

Article info

Abstract

Article history:
Received 27 Dec. 2025
Revised 14 Jan. 2026
Accepted 10 May. 2026
Published 1 Jul. 2026

*Corresponding author:

Zahra Amirkhani, Department of
Basic Sciences, School of Medicine,
Larestan University of Medical
Sciences, Lar, Iran.

Email: z.amirkhanil357@gmail.com

How to cite this article:
Hosseini SA, Rezaian A, Amirkhani
Z. Attificial intelligence applications
in medical education: systematic
review and meta-analysis of
performance and Al-driven
interventions. J Med Edu Dev.
2026;19(3):98-112.

Background & Objective: The rapid integration of Artificial Intelligence (Al) into medical
education has created a need for quantitative evidence synthesis. This study sought to
benchmark Al performance on medical knowledge assessments and to evaluate the preliminary
effectiveness of Al-driven educational interventions.

Materials & Methods: A systematic review and dual meta-analysis were conducted in
accordance with PRISMA guidelines. Five databases (PubMed, Web of Science, Embase,
Scopus, and Google Scholar) were searched from inception through February 28, 2024. Al
performance was evaluated using 35 accuracy data points derived from seven benchmarking
studies encompassing 2,341 examination questions. The effectiveness of educational
interventions was assessed using data from eight Randomized Controlled Trials (RCTs)
involving 574 medical, dental, and pharmacy students. Random-effects models were applied,
including a three-level proportion meta-analysis for Al accuracy to account for within-study
dependence and a Hedges’ g meta-analysis for intervention outcomes. Heterogeneity was
quantified using the I? statistic, alongside exploratory meta-regression and sensitivity analyses.

Results: The analyses yielded two primary findings. First, Al models demonstrated a pooled
accuracy of 70.9% (95% CI: 65.1%—-75.9%) on standardized medical examinations, with
performance improving across successive model generations. Second, Al-based educational
interventions showed a large pooled effect size; however, this estimate was unstable due to a
highly influential outlier (g = 6.72). Exclusion of this study altered the pooled effect from g =
1.40 to g = 1.95, with substantial heterogeneity observed (I = 93.6%). This variability was
largely attributable to small, early-stage studies reporting disproportionately large effects.
Leave-one-out sensitivity analyses produced effect sizes ranging from g = 1.26 to g = 1.45,
while an inverse association between sample size and effect magnitude (p < 0.001) suggested
systematic overestimation in smaller trials.

Conclusion: Advanced Al systems exhibit robust medical knowledge; however, evidence
supporting their educational effectiveness remains preliminary and potentially biased. While
the findings are encouraging, they highlight the need for larger, methodologically rigorous trials
to establish reliable effect sizes and to inform the responsible integration of Al into medical
education.

Keywords: artificial intelligence; medical education; systematic review; meta-analysis; Al-
driven educational interventions

Introduction

The emergence of Artificial Intelligence (Al) and Large from the Information Age to the Age of Al [1, 2]. This
Language Models (LLMs) represents a major turning shift has prompted growing attention within the medical
point in medical education, reflecting a broader transition education community, as stakeholders seek to harness
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the potential benefits of these technologies while
addressing associated risks, including factual errors,
bias, and ethical concerns [2, 3].

Research on Al applications in medical education has
expanded rapidly. Early proof-of-concept studies
focused on evaluating LLM performance on high-stakes
licensing examinations. Models such as ChatGPT and
GPT-4 demonstrated performance at or near the passing
threshold of the United States Medical Licensing
Examination (USMLE) [4, 5], and in some cases
exceeded the performance of human medical students on
specialized assessments in parasitology [6] and dentistry
[7]. Subsequent comparative studies confirmed the
superior performance of more advanced models,
particularly GPT-4, relative to earlier versions and
competing systems across both English-language
examinations [8, 9] and non-English contexts, including
the Turkish Medical Specialty Exam [10]. Beyond
standardized testing, LLMs have also been applied to the
generation of educational content, such as clinical
vignettes for ophthalmology training, which were rated
highly for coherence and factual accuracy [11].

In parallel with performance benchmarking, conceptual
and synthesis-based research has explored the broader
implications of Al in medical education. Systematic,
scoping, and narrative reviews have examined current
opportunities, challenges, and future directions [12—15].
At the same time, an increasing number of intervention
studies have investigated Al applications that extend
beyond knowledge assessment. These include
GPT-based simulations for clinical reasoning and
history-taking [16], Al-assisted tutoring in surgical
simulation [17, 18], academic writing support [16, 19],
enhancement of technical dental skills [20], and medical
terminology learning through gamified chatbot platforms
[21]. Additional applications have incorporated Al into
immersive virtual patient simulations [22] and
high-stakes practical examinations, where Al-based
support has been used to alleviate test anxiety [23].
Collectively, these developments suggest that Al has the
potential to influence nearly all domains of medical
education, underscoring the need for structured
curriculum integration frameworks [24] and careful
consideration of faculty readiness, attitudes, and
perceptions [25, 26]. Despite the rapid growth of this
literature, existing evidence remains fragmented.
Benchmarking studies evaluating Al performance and
intervention studies assessing educational effectiveness
have largely evolved as separate research streams. As a
result, a critical gap persists: the lack of a unified,

quantitative synthesis that integrates both lines of
evidence. To address this gap, the present review
conducts, to the authors’ knowledge, one of the first dual
meta-analyses designed to answer two foundational
questions. First, what is the current upper limit of Al
models’ ability to perform on standardized medical
assessments? Second, what preliminary empirical
evidence exists regarding the effectiveness of Al-based
educational interventions in improving outcomes among
human learners? To answer these questions, a systematic
review and two meta-analyses were undertaken using a
dual meta-analytic framework. This approach provides
an initial quantitative mapping of the field while
allowing pooled estimates to be interpreted in the context
of heterogeneity and evidence robustness. In addition,
exploratory analyses were performed to assess variability
across studies and to identify influential factors,
including study quality, sample size, and intervention
type. Finally, this review critically evaluates the
methodological quality of the existing literature,
highlighting key limitations and potential sources of bias
that affect the reliability of current evidence.
Accordingly, the objectives of this review were: (1) To
determine the present maximum performance level of Al
models in medical knowledge and skills assessment. (2)
To provide preliminary evidence regarding the
effectiveness of Al-based tools in improving student
outcomes compared with traditional teaching methods.

Materials & Methods

Design and setting(s)

This systematic review and meta-analysis was conducted
in accordance with the Preferred Reporting Items for
Systematic Reviews and Meta-Analyses (PRISMA
2020) statement [27]. The review was designed to
synthesize two distinct but related bodies of evidence: (1)
benchmarking studies evaluating Al performance on
standardized medical assessments, and (2) Randomized
Controlled Trials (RCTs) assessing the effectiveness of
Al-driven educational interventions in health professions
education.

Information sources and search strategy

A comprehensive literature search was performed across
five electronic databases—PubMed, Web of Science,
Embase, Scopus, and Google Scholar—from database
inception through 28 February 2024. Google Scholar was
intentionally included to enhance retrieval of grey
literature and conference proceedings, despite its known
limitations regarding transparency and reproducibility.
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The search strategy was developed in collaboration with
an experienced medical librarian. Controlled vocabulary
(e.g., MeSH and Emtree terms) and free-text keywords
were combined to capture two core concepts: artificial
intelligence and large language models, and medical
education. The strategy was tailored to the syntax and
indexing structure of each database. The complete search
strategies for all databases are provided in Appendix 1.
To ensure currency of evidence, an updated
supplementary search was conducted on 20 April 2025
using the same databases, search strategies, and
eligibility criteria.

Study selection process

All retrieved records were exported to Covidence
(Veritas Health Innovation, Melbourne, Australia) for
automatic and manual deduplication. Screening was
conducted in two sequential phases by two independent
reviewers.

Identification

First, titles and abstracts were screened against
predefined eligibility criteria.  Articles deemed
potentially relevant proceeded to full-text review. In the
second phase, full-text articles were assessed
independently for inclusion. Discrepancies at any stage
were resolved through discussion, and when necessary,
consultation with a third senior reviewer. The initial
search yielded 130,858 records. After removal of
128,043 duplicates, 2,815 unique records underwent title
and abstract screening. Sixty-eight articles were
evaluated at full-text level, of which 15 met the inclusion
criteria. The supplementary search retrieved 1,247
additional records; after deduplication, 196 were
screened and 12 full-text articles assessed. No additional
eligible benchmarking studies or RCTs were identified.
The final quantitative syntheses therefore reflect
evidence available up to 28 February 2024. The study
selection process is summarized in the PRISMA flow
diagram (Figure 1).

Records identified from databases:
PubMed, Web of Science, Embase,
Scopus, MEDLINE, Google Schaolar

(n = 130 858)

Screening
Records screened
(n=2815)

Figure 1. Meta-analysis 1 (benchmarking Al performance)

Eligibility criteria

Eligibility criteria were defined separately for the two
meta-analyses.

Meta-analysis 1: Benchmarking AI performance:
Original research studies of any design were eligible if
they evaluated the performance of Al systems or large

Records after duplicates removed
(n=2.815)

Eligibility
Full-tear anticles assessed
(n = 68)

Stadies included i guantitative synthesis

Included

(n=15)

* Benchmarking stadies (n = 7)
= RCTS of Al interventions (n = 8)

language models on standardized assessments of medical
knowledge or skills, including licensing examinations,
specialty board examinations, or institutional course

assessments. Studies were required to report accuracy as
the proportion of correct responses (n/N) or provide
sufficient data for its calculation. All available accuracy
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data points from each included study were extracted,
meaning that when multiple AI models were evaluated
within a single study, performance metrics for each
model were retained. This approach minimized selective
inclusion and allowed appropriate modeling of statistical
dependence.

Meta-analysis 2: Effectiveness of Al-driven
educational interventions: RCTs trials were eligible if
they enrolled medical, dental, or pharmacy students and
evaluated an Al-based educational intervention
compared with a control condition, such as conventional
teaching or alternative digital resources. Studies were
required to report continuous post-intervention outcomes
reflecting knowledge, academic performance, or clinical
skills (e.g., examination scores, OSCE scores, simulation
metrics), along with mean, standard deviation, and
sample size for each group. Only full-text articles
published in English were included. No restrictions were
placed on publication date.

Data collection methods

Two reviewers independently extracted data using a
standardized and piloted data extraction form developed
in Microsoft Excel. Extracted variables included study
characteristics (first author, publication year, country,
and study design), participant or model characteristics,
detailed descriptions of interventions and comparators,
outcome measures, and all quantitative data required for
meta-analysis. For benchmarking studies, all reported
correct/total response counts for each Al model were
recorded. For RCTs, post-intervention means, standard
deviations, and sample sizes for both intervention and
control groups were extracted. When necessary,
corresponding authors were contacted to obtain missing
or unclear data. Pre-specified moderator variables were
also extracted for exploratory analyses, including Al
model architecture, examination type, intervention type,
study quality, publication year, and total sample size.

Risk of bias assessment

Risk of bias was evaluated independently by two
reviewers, with disagreements resolved by consensus or
consultation with a third reviewer. For benchmarking
studies, methodological quality was assessed using a
modified version of the Quality Assessment of
Diagnostic Accuracy Studies-2 (QUADAS-2) tool [30].
This framework was selected because benchmarking Al
performance on standardized examinations conceptually
parallels diagnostic accuracy evaluation: the Al model
functions as the index test, the official answer key serves

as the reference standard, and examination items
represent the units of analysis. Four domains were
assessed: patient selection (representativeness and
transparency of question selection), index test (model
version, prompting strategy, and reproducibility),
reference standard (validity and consistency of answer
keys), and flow and timing (risk of data contamination
and uniformity of testing conditions). For intervention
studies, risk of bias was assessed using the Cochrane
Risk of Bias 2 (RoB 2) tool for randomized trials. Both
QUADAS-2 and RoB 2 are internationally recognized
and methodologically validated instruments. The item-
level assessments are presented in Appendix 3, and
summary results are shown in Figure 2.

Data analysis

All analyses were conducted in R (version 4.3.0) using
the meta and metafor packages. Statistical significance
was set at p < 0.05 for all tests except Cochran’s Q test
for heterogeneity, for which p < 0.10 was considered
significant.

Meta-analysis 1: Benchmarking studies : To account for
statistical dependence resulting from multiple AI models
evaluated within the same study, a three-level random-
effects meta-analysis was performed using the rma.mv()
function in the metafor package. This model partitioned
variance into sampling variance (Level 1), within-study
variance (Level 2), and between-study variance (Level
3). Accuracy proportions were logit-transformed prior to
analysis and back-transformed for reporting. Thirty-five
effect sizes derived from seven studies were included. As
a sensitivity analysis, robust variance estimation with
small-sample correction was applied. Heterogeneity was
quantified using the I? statistic, decomposed into within-
and between-study components.

Meta-analysis 2: Intervention studies: The primary
effect measure was the standardized mean difference
(Hedges’ g) comparing Al intervention and control
groups at post-intervention. Hedges’ g was selected to
provide an unbiased estimate in the presence of varying
sample sizes. Variance was calculated using the exact
small-sample formula:

(——+——)+ >

Nintervention _ Mcontrol

Var(g) =

Z(nintervention + ncomntrol)

A random-effects model using the DerSimonian and
Laird method was applied to pool effect sizes across
studies. Heterogeneity was assessed using the I? statistic.
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Figure 2. Risk of bias summary for benchmarking studies (meta-analysis 1

Subgroup and meta-regression analyses
Pre-specified subgroup analyses were conducted for both
meta-analyses. In benchmarking studies, subgroups were
defined by Al model architecture (GPT-4 versus other
models) and examination type (licensing, specialty,
course-level). In intervention studies, subgroups were
defined by educational domain, including technical
skills, clinical skills/§OSCE, knowledge tests, writing
skills, and surgical simulation. Exploratory univariable
meta-regression analyses were performed using mixed-
effects models to examine potential sources of
heterogeneity. Moderators included publication year,
model type, examination type, total number of questions
(benchmarking studies), intervention type, total sample
size, and study quality (intervention studies). Given the
limited number of included studies (k = 7 and k = 8),
these analyses were interpreted cautiously.

Sensitivity analyses and influence diagnostics
Sensitivity analyses were performed using a leave-one-
out approach to evaluate the influence of individual
studies on pooled estimates. Influence diagnostics

included standardized residuals, DFBETAS, and Cook’s
distance. Standardized residuals exceeding three and
Cook’s distance greater than 4/n were considered
indicative of potentially influential studies.

Assessment of reporting bias

Reporting bias was evaluated using funnel plots and
Egger’s regression test for both meta-analyses. Given the
small number of studies in each synthesis, results were
interpreted cautiously due to the limited statistical power
of these methods.

Classification of educational outcomes

To characterize the educational impact of Al-driven
interventions, primary outcomes of included RCTs were
independently classified according to the Kirkpatrick
hierarchy of training evaluation [28, 29]. This framework
distinguishes six levels, ranging from learner reaction
(Level 1) to patient-level outcomes (Level 4b).
Disagreements in classification were resolved by
consensus with a third reviewer. This categorization was
used descriptively to identify patterns and gaps in the
evidence base.
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Results

Study characteristics

The characteristics of the 15 included studies are
presented in Table 1. Overall, 15 studies met the
inclusion criteria and were incorporated into the
quantitative synthesis. Seven were benchmarking studies
assessing Al performance on medical knowledge
examinations (2,341 examination questions), and eight
were RCTs evaluating  Al-driven  educational
interventions involving 574 medical, dental, and
pharmacy students.

The benchmarking studies primarily evaluated large
language models (ChatGPT-3.5, ChatGPT-4, Gemini,
Llama, etc.) on standardized licensing examinations,
including the United States Medical Licensing

Table 1. Characteristics of included studies in the systematic review

Examination (USMLE) [4, 5, 8, 9], the Turkish Medical
Specialty Exam [10], and discipline-specific assessments
in parasitology [6], periodontology [7], and medical
microbiology [31]. The intervention studies examined a
range of Al applications: Al-powered tutoring systems
for surgical simulation [17,18], GPT-based simulated
patients for history-taking training [16], Al-assisted
academic writing tools for non-native English speakers
[19], gamified chatbots for medical terminology learning
[21], immersive virtual patient simulation [22], Al-
augmented human instruction [18], and interventions
targeting reduction of test anxiety [23]. Comparator
conditions included traditional instructor-led teaching,
video-based learning, non-Al digital resources, and no-
intervention controls.

Study Country Design

Participants / Model

Intervention or
Assessment

Comparator /

Reference Standard Main Outcome

Benchmarking studies

Gilson et al. Cross-sectional

USMLE Step 1 and Step Human passing

[4] USA benchmarking ChatGPT (GPT-3.5)
Kung et al. Cross-sectional
5] USA benchmarking ChatGPT (GPT-3.5)
Brinetal [9]  UsA  crosssectional o anr GpT
benchmarking
Norietal [8] ~ UsA  Crosssectional o opr 4 opaiGRT
benchmarking
. Cross-sectional GPT-4; GPT-3.5;
Sabri etal. [7] USA benchmarking Gemini
Sallam et al. Cross-sectional ChatGPT-S.é;
B31] Jordan benchmarkin ChatGPT-5;
& DeepSeek
Kogak et al. Cross-sectional ChatGPT.-4; Gem%m
[10] Turkey benchmarkin 1.5 Pro; Cohere;
g Llama 3
Intervention studies
Wang et al. . Randomized .
[16] China controlled trial 56 medical students
Fazlollahi et Randomized .
al. [17] Canada controlled trial 70 medical students
Giglio et al. Randomized .
[18] Canada controlled trial 87 medical students
Lietal. [19] China Randomized 58 medical students
controlled trial
Huang et al. . Randomized
[20] China controlled trial 187 dental students
Hsu et al. [21] Taiwan Controlled trial 60 nursing students
Lebdai et al. Randomized .
[22] France controlled trial 85 medical students
. Not Randomized
Alietal. [23] reported controlled trial Not reported

2 questions
USMLE Step 1, Step
2CK, Step 3 questions

USMLE soft-skill
questions

USMLE (CBSSA) and
MedQA questions
AAP in-service
examination (1,312
questions)

Medical microbiology
MCQs (80 questions)

Turkish Medical
Specialty Examination
(240 questions)

GPT-4 simulated patient

for history-taking
training

Al tutoring system for
surgical simulation

Al-augmented human
instruction
ChatGPT-assisted
academic writing
training

ChatGPT-3.5 as skills
education assistant

Chatbot-based
terminology learning
Immersive virtual
patient simulation

Al-based tool for OSCE

preparation

threshold (~60%)
Human passing

threshold (~60%)
Human average

(AMBOSS users,

78%)
Human expert
performance

Dental residents
(PGY-1 to PGY-3)

Dental student cohort
(n>150)

Human candidate
cohort

Traditional instructor-
led role-playing
Remote expert
instruction; no-

feedback control
Standardized expert
instruction

Traditional writing
instruction

Video-only learning

Traditional self-study

Regular faculty
courses

Traditional OSCE
preparation

Accuracy (%)

Accuracy (%)

Accuracy (%)

Accuracy (%)

Accuracy (%)

Accuracy (%)

Accuracy (%)

OSCE score

ICEMS score

ICEMS
composite score

Writing score

VR
performance
score
Terminology
test score
Module test
score
OSCE
performance
score

Note: Benchmarking studies evaluated the performance of artificial intelligence models on standardized medical examinations. Intervention studies assessed the
effectiveness of Al-based educational tools compared with conventional instructional methods.
Abbreviations: AAP, American Academy of Periodontology; Al, artificial intelligence; CBSSA, Comprehensive Basic Science Self-Assessment; ICEMS, Imperial College
Error Capture Score; MCQs, multiple-choice questions; OSCE, Objective Structured Clinical Examination; PGY, postgraduate year; USMLE, United States Medical

Licensing Examination; VR, virtual reality.
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Study selection
The systematic search yielded 130,858 records. After

removal of 128,043 duplicates, 2,815 unique records
underwent title and abstract screening. Sixty-eight
articles were assessed in full text for eligibility.
Ultimately, 15 studies satisfied the inclusion criteria and
were included in the quantitative synthesis. The
PRISMA flow diagram (Figure 1) details the study
selection process. Meta-Analysis 1 (benchmarking Al
performance) comprised seven studies, while Meta-
Analysis 2 (evaluating Al interventions) included eight
RCTs.

Meta-analysis 1: AI performance on medical
knowledge  assessments:  Across the  seven
benchmarking studies, 35 accuracy data points were
extracted, representing all Al models evaluated across

multiple examination formats. A three-level random-
effects meta-analysis demonstrated a pooled accuracy of
70.9% (95% CI: 65.1% to 75.9%) (Figure 3). A
cumulative  meta-analysis, ordering studies by
publication year, showed progressive refinement of the
pooled estimate as evidence accumulated, with the
confidence interval narrowing over time (Appendix 3,
Figure S1).Substantial heterogeneity was observed
(total I> =94.2%). Variance decomposition indicated that
55.7% of the heterogeneity arose from between-study
differences (Level 3), whereas 38.5% reflected within-
study variation across different Al models (Level 2).
Sensitivity analysis using robust variance estimation
yielded a nearly identical pooled estimate (70.8%, 95%
CI: 65.0% to 76.2%), supporting the stability of the
findings.

Gilson (2023)
Kung (2023)
Brin (2023)
Norl {2023)
Sabri (2024)

Sallam (2025)

Kogak (2025)

Figure 3. Forest plot of Al performance on medical knowledge assessments (meta-analysis 1)

Exploratory meta-regression identified a significant
positive association between publication year and Al
performance (B = 0.072, SE = 0.015, t (5) = 4.80, p =
0.008), indicating progressively higher reported
accuracy in more recent studies (Appendix 3, Figure
S2). After accounting for within-study dependence, no
significant differences were observed between GPT-4
and other models (Q between = 0.95, p = 0.342). Risk of
bias assessment (Figure 2) indicated that five studies
(71.4%) had low overall risk, while two (28.6%) were
rated as unclear, primarily due to concerns in the “flow
and timing” domain related to potential data
contamination. Funnel plot inspection (Appendix 3,
Figure S2) suggested possible asymmetry; however, the
small number of studies limited definitive interpretation.

Regarding test contamination, six benchmarking studies
(86%) were rated as high risk of bias in the “flow and
timing” domain of the QUADAS-2 assessment, and one
study was rated as unclear. These judgments reflected the
possibility that publicly available examination questions
were included in Al training data, potentially inflating
accuracy estimates. The single study with unclear risk [7]
used in-service examination questions that were not
publicly accessible. Although the authors selected recent
examination years to reduce the likelihood of data
contamination, this measure could not be independently
verified, resulting in an unclear risk designation.

Meta-analysis 2: efficacy of Al interventions in
medical education: The meta-analysis of eight RCTs
comprising 574 participants yielded a pooled effect size
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of Hedges’ g = 1.40 (95% CI: 1.21 to 1.60), with
substantial heterogeneity (I> = 93.6%). Individual study
effects ranged from g =0.67 to g = 6.72 (Figure 4). The
study by Fazlollahi et al. [17] was identified as a marked
outlier (g = 6.72), potentially reflecting the highly
specialized nature of its surgical simulation intervention,
which provided real-time, objective feedback metrics not
easily replicated in conventional teaching contexts.

Leave-one-out sensitivity analysis demonstrated that the
pooled estimate was sensitive to individual studies.
Exclusion of Huang et al. [20] increased the pooled effect
size to g = 1.95, indicating limited robustness. Removal

of other studies resulted in pooled estimates ranging from
g = 1.26 to g = 1.45. The leave-one-out analysis is
presented in Appendix 3, Figure S4. Influence
diagnostics confirmed Huang et al. [20] as highly
influential and identified it as a statistical outlier.
Comprehensive influence metrics, including Cook’s
distance and DFBETAS, are provided in Appendix 3,
Figure S5. Risk of bias assessment showed that four
studies (50.0%) were rated as low overall risk, three
(37.5%) as high risk, and one (12.5%) as unclear,
predominantly due to concerns regarding randomization
procedures and intervention fidelity (Figure 5).
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Exploratory meta-regression revealed highly significant
negative associations between total sample size (Beta =
—0.009, SE = 0.000, t(6) = —23.36, p < 0.001) and
publication year (Beta = —0.374, SE = 0.017, t(6) =
—22.42,p <0.001) with effect size, accounting for 58.0%
and 53.4% of heterogeneity, respectively (Appendix 3,
Figures S6 and S7). Study quality (Q between =4.99, p
= 0.082) and intervention type (Q between = 9.04, p =
0.107) were not statistically significant moderators.
Nonetheless, subgroup analysis (Appendix 3, Figure
S8) indicated notable variation in effect sizes across
intervention types, with simulation-based interventions
demonstrating the largest effects.

Although statistically significant, these findings are
based on a limited number of studies and should be
interpreted as preliminary patterns within a rapidly
evolving field rather than as stable, generalizable
associations. Funnel plot inspection (Appendix 3,
Figure S9) revealed asymmetry suggestive of potential
publication bias, with smaller studies tending to report
larger effect sizes. The precision plot (Appendix 3,

Figure S10) illustrates the distribution of study-level
effect sizes relative to their standard errors, consistent
with small-study effects.

Classification of educational outcomes based on
Kirkpatrick framework: Classification of primary
outcomes from the eight included RCTs according to the
Kirkpatrick framework indicated that all studies (100%)
assessed  Level 2b  outcomes (change in
knowledge/skills), as each reported objective
performance measures such as OSCE scores, test scores,
or simulation metrics. Three studies (37.5%) additionally
evaluated Level 1 outcomes (reaction), including self-
reported motivation, anxiety, and system usability [16,
21, 23]. One study (12.5%) assessed Level 2a outcomes
(attitudes/perceptions) ~ through  cognitive  load
measurement [20]. Only one study (12.5%) examined
Level 3 outcomes (behavioral change), evaluating skill
transfer to a realistic task [18]. No study assessed Level
4 outcomes (organizational practice change or patient
benefits). The distribution of Kirkpatrick levels across
studies is summarized in Table 2.

Table 2. Distribution of Kirkpatrick levels across included intervention studies (n = 8)

Kirkpatrick level Number of studies (%) Example outcomes

Level 1 (Reaction) 3 (37.5%) Self-reported motivation; anxiety; system usability [16, 21, 23]
Level 2a (Attitudes/Perceptions) 1 (12.5%) Cognitive load (pupil diameter) [20]

Level 2b (Knowledge/Skills) 8 (100%) OSCE scores; test scores; simulation metrics [16, 23]

Level 3 (Behavioural change) 1 (12.5%) Skill transfer to realistic task [18]

Level 4 (Results/Patient outcomes) 0 (0%) None measured

Note: Percentages are calculated based on eight included intervention studies.

Discussion The three-level random effects meta-analysis

This systematic review and dual meta-analysis provide a
comprehensive quantitative synthesis of the existing
evidence regarding the role of LLMs and Al in medical
education. By quantitatively integrating early peer-
reviewed studies, the review moves the discussion
beyond conjecture and establishes preliminary
benchmarks  for  educators, institutions, and
policymakers. It also explores variability in the literature
through moderator analyses and risk of bias assessment.
Findings from the two meta-analyses offer a detailed and
multifaceted picture that both supports and quantifies
predictions previously proposed in conceptual and
qualitative reviews [12, 13, 15, 31]. Al models
demonstrate  substantial proficiency in medical
knowledge assessment (pooled accuracy 70.9%), and Al-
driven educational interventions are associated with
significant improvements in learner outcomes (g = 1.40).
Nevertheless, these findings must be interpreted in light
of considerable  heterogeneity and important
methodological influences that shape their implications.

incorporated all available accuracy data points (35 effect
sizes from seven studies) while accounting for within-
study dependence. The resulting pooled accuracy of
70.9% (95% CI: 65.1% — 75.9%) places contemporary
LLM performance above common passing thresholds for
many high-stakes medical licensing examinations,
directly addressing earlier calls to evaluate this capability
rigorously [2, 4, 5].

This result aligns with systematic and scoping reviews
describing the “robust performance and reliability” of
advanced models and their ability to “replicate human
level performance” [12-14]. Substantial variability
across studies reflects rapid technological development,
and meta-regression confirmed that more recent studies
report higher accuracy, quantitatively substantiating the
“rapid and significant evolution” of LLMs previously
described qualitatively [15, 31]. These findings suggest
that current benchmarks may already underestimate
present capabilities, underscoring the difficulty of
aligning traditional educational timelines with rapidly
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evolving technologies [1]. Importantly, Al capability is
not uniform; both model selection and implementation
are critical when educational tasks require complex
problem-solving. These results are consistent with recent
meta-analyses by Nouri et al. [32] and Jaleel et al. [33],
which similarly report that GPT-4 class models exceed
passing thresholds. The second meta-analysis
demonstrated a substantial aggregated effect size for
Al-based educational interventions (g = 1.40). However,
careful interpretation is required. Sensitivity analysis
showed that removal of a single study could increase the
estimate to g = 1.95. In addition, identification of a clear
outlier (g = 6.72) and a strong inverse relationship
between effect size and sample size indicate that the
pooled estimate is unstable and may be influenced by
small, early proof-of-concept studies. A more
conservative interpretation of the sensitivity range (g =
1.26-1.45) still indicates meaningful potential, yet the
evidence remains insufficient to support firm claims of
consistently large effects across diverse educational
contexts.

Consistent with these observations, one recent meta-
analysis reported that Al-based teaching significantly
improved practical skills but not knowledge acquisition
[34], whereas another found that Al-powered problem-
and case-based learning enhanced knowledge and learner
satisfaction [37]. The pattern in which early, small
studies report very large effects that are not maintained
in larger, more rigorous trials is characteristic of a
technology bubble effect, where initial enthusiasm and
publication bias may elevate expectations that later
stabilize as the evidence base expands. Accordingly, the
focus shifts from Al capability alone to its pedagogical
effectiveness in facilitating learning, as proposed in
conceptual frameworks [24, 26]. The two meta-analyses
address complementary dimensions: the first evaluates
whether Al possesses sufficient knowledge to function as
a reliable information source, while the second examines
whether this knowledge can be translated into improved
learner outcomes. Demonstrating both competence and
educational impact suggests that Al may play a
meaningful role in medical education, provided that the
evidence base continues to mature.

The included RCTs represent a broad range of Al
applications, from surgical simulation [17, 18] and
clinical skills training [16] to writing assistance [19] and
terminology learning [21]. Although this diversity
introduces substantial clinical heterogeneity, pooling is
conceptually defensible. All interventions employ Al as
an active educational tool aimed at improving learner

outcomes compared with traditional instruction or non-
Al digital resources. The random effects model explicitly
accommodates between-study heterogeneity, and
subgroup analyses by intervention domain (simulation,
clinical skills, knowledge, writing, terminology)
demonstrated consistently positive effects across
categories, albeit with varying magnitude. In the absence
of a pooled estimate, the field would lack a quantitative
synthesis. Therefore, the pooled effect size is presented
as an average across Al educational interventions, with
explicit acknowledgment of heterogeneity and
accompanying sensitivity analyses. Subgroup findings
should be interpreted as more specific guidance for
different categories of Al tools. Substantial
heterogeneity was observed in both meta-analyses. For
Al performance, this variability likely reflects genuine
differences among models, specialties, and examination
formats.

In intervention studies, heterogeneity appears largely
attributable to methodological and temporal factors,
including sample size and publication year, suggesting
ongoing maturation of the evidence base. Risk of bias
assessment further contextualizes these findings. The
pooled accuracy of 70.9% represents an average across
models and tasks, while individual performance ranged
from 17% to 100% in the included data. Benchmarking
studies frequently demonstrated high risk of bias in the
‘flow and timing’ domain, raising concerns about
potential data contamination if examination items were
included in model training datasets [10]. In intervention
studies, a substantial proportion were rated as high risk,
primarily due to issues related to randomization and
intervention fidelity, indicating that reported effects may
be optimistic. Notably, higher-quality studies tended to
report more modest effects, reinforcing the need for
cautious interpretation.

Application of the Kirkpatrick hierarchy highlights a
significant gap in the evidence base. All eight RCTs
demonstrated improvements in knowledge and skill
acquisition (Level 2b), yet only one study assessed
behavioral change (Level 3) [18], and none evaluated
organizational or patient-level outcomes (Level 4). This
distribution mirrors broader trends in medical education
research, where higher-level outcomes are less
frequently measured because they require extended
follow-up and complex implementation. Nevertheless,
the absence of Level 4 outcomes is consequential, given
that the ultimate objective of medical education is
improvement in patient care. Future trials should
therefore incorporate longer follow-up and outcome
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measures capturing sustained behavioral change and,
where feasible, patient-level impact. Feigerlova et al.
[34] similarly reported the absence of Level 3 and Level
4 outcomes, confirming the lack of higher-level evidence
in this domain.

From a policy perspective, the absence of Level 4
evidence limits evidence-based integration of Al into
medical curricula. Institutional leaders require
demonstration that investments in Al-driven tools
translate into improvements not only in knowledge or
skills but also in clinical practice, patient safety, or
organizational efficiency. Without such evidence,
decisions regarding adoption and scaling rely primarily
on intermediate outcomes. This consideration is
particularly relevant given the expanding commercial
availability of Al educational products and institutional
pressure for adoption.

Until studies incorporating longer follow-up and patient-
or system-level endpoints are conducted, current
findings should be regarded as supportive of innovation
but insufficient to justify widespread mandatory
implementation. Although subgroup differences did not
reach statistical significance, visual inspection of effect
sizes suggests a potential pattern. Larger effects were
observed in surgical simulation [17, 18] and clinical
skills  training [16], whereas knowledge-based
applications demonstrated more moderate effects. This
possible “simulation gap” remains a hypothesis-
generating observation rather than a confirmed finding.
The comparatively large effect sizes in simulation
contexts may reflect measurable differences between
traditional training and Al-supported approaches,
particularly in domains where scalability and objective
feedback are challenging.

In contrast, interventions in which AI functioned
primarily as an auxiliary information source yielded
smaller incremental gains. These observations indicate
that the extent to which Al is directly integrated into the
learning feedback process may influence its educational
impact.

Publication bias suggests that aggregated effects may
overestimate true effectiveness. The “file drawer
problem,” in which studies reporting null or negative
results remain unpublished, may result in inflated
estimates of both accuracy and intervention effects.
Consequently, reported values should be interpreted as
reflecting published evidence rather than definitive
performance limits. For assessment and curriculum
design, AI’s demonstrated ability to achieve passing
thresholds necessitates reconsideration of evaluation

strategies. Greater emphasis may be required on higher-
order cognitive skills, clinical reasoning, empathy, and
practical competence—domains in which human
judgment remains essential [35, 36]. This includes open-
ended clinical reasoning scenarios, ethical dilemma
discussions, and direct observation of patient
interactions. Although Al interventions show beneficial
effects, the most substantial gains appear when Al
provides direct, interactive feedback. Successful
integration into educational practice depends not only on
technological availability but also on faculty
preparedness.

Evidence indicates that faculty readiness substantially
influences effectiveness [25]. Accordingly, faculty
development should address both technical proficiency
and pedagogical adaptation to enable effective
collaboration with Al tools. This review reflects the early
stage of the field it examines. The limited number of
studies in each meta-analysis (k = 7 for benchmarking; k
= § for interventions) constrains statistical power and the
stability of pooled estimates, necessitating cautious
interpretation. Although all available data points were
included and a three-level model was applied to mitigate
selection bias at the review level, primary studies may
still be subject to selective reporting, such as publication
of favorable prompts, subsets of questions, or optimal
model configurations. The limited number of RCTs (n =
8) restricts the robustness and generalizability of findings
related to Al interventions. While Google Scholar was
searched to capture grey literature, reliance on published
studies and exclusion of preprints may have contributed
to publication bias.

The review protocol was not prospectively registered in
PROSPERO, limiting comparison between planned and
conducted methods, although all methodological
decisions have been explicitly reported to enhance
transparency. Given the rapid evolution of Al
technologies, these results represent a time-specific
snapshot.

Restriction to English-language publications introduces
language bias. Studies published in other languages (e.g.,
Chinese, Spanish, French, German, Turkish, Persian)
were excluded, potentially omitting relevant evidence
from non-English-speaking contexts. As Al research and
medical education are globally active domains, this
exclusion may affect external wvalidity and
generalizability. English-language publications often
originate from well-resourced institutions with greater
access to advanced AI models, which may lead to
overestimation of performance and effectiveness. Future
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research should extend beyond capability studies toward
evaluation of Al-human collaborative teaching models
and long-term effects on clinical reasoning and patient
care. Larger, pre-registered, real-world trials are needed
to clarify true effect sizes, particularly in light of the
observed inverse relationship between effect size and
sample size. Ethical and practical frameworks addressing
plagiarism, data privacy, and curriculum integration
should accompany implementation efforts.
Dissemination of null findings is also essential to provide
a balanced assessment of AI’s role in the evolution of
medical education.

Conclusion

This systematic review and dual meta-analysis offers the
first quantitative synthesis of Al in medical education,
encompassing both model benchmarking studies and
learner-centered intervention trials. The pooled findings
show that advanced large language models reach a mean
accuracy of 70.9% (95% CI: 65.1-75.9%) on
standardized medical knowledge assessments, with
performance improving consistently across successive
model generations. At the same time, the widespread risk
of test contamination in benchmarking studies, together
with substantial clinical and statistical heterogeneity,
necessitates careful interpretation of these results and
underscores the need to reconsider assessment strategies,
particularly toward competencies that AI cannot
replicate.

Concurrently, Al-driven educational interventions
demonstrate encouraging effect sizes; however, the
supporting evidence remains at an early stage of
development. The inverse association between effect
size and sample size, along with sensitivity analyses
indicating instability of the pooled estimate, suggests that
smaller, early-phase studies may overestimate true
effectiveness. Among the various applications,
simulation-based interventions appear to produce the
most consistent benefits, plausibly reflecting AI’s ability
to deliver scalable and objective feedback.

Future progress in this field will require a shift from
demonstrations of capability to well-designed, pre-
registered trials capable of generating stable and
generalizable effect estimates across diverse educational
settings.

Equally important is the establishment of pedagogical
frameworks that position Al as a complement to—not a
replacement for—human instruction. Through rigorous
evidence development and deliberate implementation,

Al may serve as a meaningful adjunct in the continuing
evolution of medical education.
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