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Abstract
Background  Artificial intelligence (AI) holds transformative potential for graduate medical education (GME), yet, a 
comprehensive exploration of AI’s applications, perceptions, and limitations in GME is lacking.

Objective  To map the current literature on AI in GME, identifying prevailing perceptions, applications, and research 
gaps to inform future research, policy discussions, and educational practices through a scoping review.

Methods  Following the Joanna Briggs Institute guidelines and the PRISMA-ScR checklist a comprehensive search of 
multiple databases up to February 2024 was performed to include studies addressing AI interventions in GME.

Results  Out of 1734 citations, 102 studies met the inclusion criteria, conducted across 16 countries, predominantly 
from North America (72), Asia (14), and Europe (6). Radiology had the highest number of publications (21), followed 
by general surgery (11) and emergency medicine (8). The majority of studies were published in 2023. Several key 
thematic areas emerged from the literature. Initially, perceptions of AI in graduate medical education (GME) were 
mixed, but have increasingly shifted toward a more favorable outlook, particularly as the benefits of AI integration 
in education become more apparent. In assessments, AI demonstrated the ability to differentiate between skill 
levels and offer meaningful feedback. It has also been effective in evaluating narrative comments to assess resident 
performance. In the domain of recruitment, AI tools have been applied to analyze letters of recommendation, 
applications, and personal statements, helping identify potential biases and improve equity in candidate selection. 
Furthermore, large language models consistently outperformed average candidates on board certification and 
in-training examinations, indicating their potential utility in standardized assessments. Finally, AI tools showed 
promise in enhancing clinical decision-making by supporting trainees with improved diagnostic accuracy and 
efficiency.

Conclusions  This scoping review provides a comprehensive overview of applications and limitations of AI in GME 
but is limited with potential biases, study heterogeneity, and evolving nature of AI.
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Introduction
Modern AI refers to data-driven systems that perform 
tasks requiring human intelligence, such as learning, 
natural language processing (NLP), pattern recognition, 
problem-solving, and autonomous decision-making [1]. 
These systems, which utilize techniques like machine 
learning, deep learning, and neural networks, continu-
ously adapt and improve with large datasets. This con-
trasts with traditional AI systems, which rely on static, 
rule-based logic and require manual configuration and 
oversight, lacking the adaptive, data-driven learning 
capabilities of modern models [2]. For instance, earlier 
systems required faculty to manually interpret and sum-
marize resident performance data, whereas modern AI 
tools like large language models can automate this anal-
ysis, offering timely insights and reducing administra-
tive burden [3]. Modern AI is transforming educational 
methodologies from a one-size-fits-all approach to per-
sonalized learning tailored to individual strengths and 
needs [4] and is increasingly being considered to address 
these diverse training requirements [5].

Graduate Medical Education (GME) plays a crucial role 
in developing healthcare provider’s skills and competen-
cies to meet the evolving healthcare landscape [6] While 
AI holds transformative potential, its integration into 
graduate medical education (GME) must be considered 
within the context of the evolving challenges that GME 
faces [7]. These challenges—such as adapting to chang-
ing healthcare paradigms and maintaining relevant cur-
ricula—necessitate innovative solutions, including AI, to 
enhance educational outcomes and better prepare future 
medical professionals [8].

However, despite its growing presence in healthcare, 
the integration of AI into GME remains underexplored. 
While individual studies highlight AI’s applications in 
specific areas, such as clinical decision support [9] or 
simulation-based training [10], a comprehensive under-
standing of its impact across GME programs is lacking.

Previous scoping reviews have examined the role of 
AI in undergraduate medical education [11], surgery 
[12], and pharmacy [13], showcasing its promise in these 
domains. However, GME—a critical phase of physician 
training—has yet to be systematically reviewed. This 
gap in the literature underscores the need for a scoping 
review to map the existing evidence on AI’s applications, 
identify perceptions and barriers, and pinpoint research 
gaps in this field.

Following the Joanna Briggs Institute (JBI) guidelines 
[14], this scoping review seeks to provide a foundation 

for future research, policy discussions, and educational 
practices regarding AI’s role in GME. By doing so, it aims 
to ensure that AI is effectively leveraged to enhance the 
training and development of future physicians.

Methodology
Our scoping review followed the Joanna Briggs Institute 
(JBI) guidelines [15] and used the Preferred Reporting 
Items for Systematic Reviews and Meta-Analysis exten-
sion for Scoping Reviews (PRISMA-ScR) [16] checklist. 
We registered our protocol on the Open Science Forum 
[17].

Eligibility criteria
Population
Original peer-reviewed studies explicitly mentioning 
Graduate Medical Education (GME) were included. Eli-
gible studies focused on residents (across any specialty), 
postgraduate trainees, fellows, or faculty.

Intervention
AI interventions including a range of technologies such 
as large language models (LLMs), natural language pro-
cessing (NLP), recurrent neural networks (RNNs), arti-
ficial neural networks (ANNs), convolutional neural 
networks (CNNs), and other related approaches.

Comparator
Given the nature of the scoping review, specific compara-
tors were not required.

Outcomes
The primary outcomes of interest were AI’s perceptions, 
application, and limitations in GME.

Study selection and extraction
We performed a comprehensive search across multiple 
databases, including MEDLINE-Ovid, ERIC, EMBASE, 
CINAHL, Web of Science Core Collection, Com-
pendex, Scopus, and IEEE Xplore, from inception to 
February 2024. These databases were selected to ensure 
broad coverage of medical education literature, includ-
ing specialized fields such as healthcare technology 
(IEEE Xplore) and educational research (ERIC), while 
also capturing interdisciplinary perspectives from both 
medical and engineering disciplines. This broad selec-
tion was intended to maximize the inclusivity of relevant 
studies across diverse healthcare sectors. The search 
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strategy, refined in consultation with a research librarian, 
is detailed in Table 1.

Studies were included if they [1] were original, peer-
reviewed research articles; [2] involved participants in 
GME; [3] examined or evaluated artificial intelligence 
(AI) technologies—including machine learning, natural 
language processing, or large language models (LLMs) 
and [4] reported outcomes related to education, assess-
ment, recruitment, or clinical training.

During the full-text review stage, studies were excluded 
if they were duplicates, did not report relevant outcomes, 
were categorized as gray literature such as editorials, 
opinion pieces or commentaries, lacked a clear AI inter-
vention, were not related to GME populations or set-
tings, or if the full text was unavailable. These exclusions 
ensured that included studies aligned with the scope and 
objectives of the review.

After the initial pilot screening, we employed a parallel 
dual review process for study selection, extraction, and 
analysis. Two independent reviewers (BGV, SC, TB, and 
CI) screened the titles, abstracts, and full texts, resolving 
disagreements with a third reviewer (RS). We used the 
Covidence platform for initial screening and deduplica-
tion. One reviewer (BGV) performed the data extraction, 
verified by a second reviewer (SC, TB, or CI) for accuracy 
and consistency. All the authors reviewed and reached a 
consensus on the final articles for data extraction.

Categorization and analysis
We employed a descriptive analysis approach to synthe-
size the study findings, categorizing studies based on AI 
applications, perceptions, and challenges in GME. These 
categories were developed through an iterative thematic 
coding process, where key themes were identified based 
on study objectives, methodologies, and reported out-
comes. This approach ensured a comprehensive and 
applicable review.

Results
Overview
The PRISMA diagram in Fig. 1 shows the screening pro-
cess. After removing duplicates from the 1,734 database 
citations, 1,112 records remained. After title and abstract 
screening, 441 articles were eligible for full-text evalu-
ation. Of these, 102 were included in the final scoping 
review for data extraction.

Figure 2 details the included studies conducted across 
16 countries, with eight studies involving three or more 
countries. The origins include North America [72], Asia 
[14], multiple regions [8], Europe [6], and Oceania [2].

Most studies were published between 1997 and 2024, 
with the highest number published in 2023.

Table 2 (end of manuscript) presents a detailed break-
down of the studies included. Radiology had the most 
publications [21], followed by general surgery [11] and 
emergency medicine [8] 37 studies involved multiple 
participant types, 34 studies included residents and chief 
residents, 14 studies had no human participants, 10 stud-
ies focused solely on applicants, 6 studies involved faculty 
and program directors (PDs), and 1 study included only 
medical students.

The most common study types were development and 
validation studies [32], observational studies [26], non-
randomized experimental studies [16], survey studies 
[14], and predictive studies [10]. Only one randomized 
controlled trial was identified and one development study 
without validation. These studies explored a wide range 
of AI applications, from skill assessment tools and diag-
nostic support to recruitment analytics and educational 
interventions. Further details on their specific findings 
and implications are discussed below.

Application of AI in GME
Adoption, perception, and attitudes towards AI
Out of twelve studies reviewed, nine focused on radiol-
ogy. Concerns about AI influencing specialty choices 
were evident, with one survey reporting a significant 
decrease in radiology’s appeal as a first-choice specialty 
among medical students (P < 0.001), deterring 17% of 
respondents [18]. Concerns about job security due to 
AI were also noted [19]. Similarly, radiology and oncol-
ogy residents expressed worries about AI reducing the 
demand for professionals in their fields [20, 21]. Huis-
man [22] found that limited knowledge about AI often 
leads to fear of job replacement, whereas intermediate to 
advanced knowledge fosters positive attitudes. Younger 
individuals, those with scientific backgrounds, and active 
social media users tended to view AI more favorably.

Recent studies [23, 24] indicate a shift in percep-
tion among radiology residents, with most now viewing 
AI positively. According to one study, 76% of residents 
find AI exciting, 80% would still choose radiology as a 

Table 1  Search strategy. Database: Ovid MEDLINE(R) and Epub 
ahead of print, In-Process, In-Data-Review & other Non-Indexed 
citations and daily < 1946 to February 02, 2024. Adapted for 
EMBASE, IEEE, CINAHL, PsycINFO, Scopus, ERIC, web of science: 
core collection & compendex
# Query
1 exp Artificial Intelligence/
2 (artificial intelligence or “natural language” or “deep learning” 

or “neural network*” or “support vector machine” or svm or 
“machine learning”).ti, ab, kw, jn.

3 Education, Medical, Graduate/ or “Internship and Residency”/
4 (“education, residency” or “residency educat*” or “residency 

train*” or “residential education” or “house staff” or “graduate 
medical educat*”).ti, ab, kw.

5 1 or 2
6 3 or 4
7 5 and 6
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Fig. 1  Preferred Reporting Items for Systematic Reviews and Meta-Analysis (PRISMA) flow chart
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specialty, and 74% see no threat to job security from AI 
[23]. Marquis [25] summarized a 2020 survey by the 
American Alliance of Academic Chief Residents in Radi-
ology, reporting that 74% of respondents believe AI poses 
no threat to the job market and could enhance workflow 
efficiency. However, despite 95% of residents recognizing 
the importance of AI and machine learning education, 
20% of training programs still lack formal AI education, 
as highlighted in a study by Salastekar [26].

There was one study on faculty perception wherein 
anesthesiology faculty broadly agree that AI will benefit 
patient care (80%), enhance resident training (86.7%), and 
improve post-graduate medical education (81.4%), but 
67% were concerned about accountability for AI inaccu-
racies [27].

Role of AI in formative & summative assessment
Research has increasingly focused on AI’s impact on both 
formative and summative assessments in medical edu-
cation. For instance, the Intelligent Continuous Exper-
tise Monitoring System (ICEMS) successfully identified 

different levels of surgical performance among neuro-
surgeons, trainees, and students in a virtual reality (VR) 
simulation, with performance levels strongly correlating 
to years of training (p = 0.005) [28]. This was also noted 
similarly in other surgical specialties [29–35] highlight-
ing the efficacy of AI in differentiating skill levels in sur-
gical training, indicating AI’s potential to improve the 
accuracy of resident training evaluations. In robotic sur-
gery, Quinn [36] validated robotic performance metrics 
against human observation, showing a high correlation 
(r = 0.98, p < 0.0001),

AI’s potential for real-time assessment is also signifi-
cant. Anh [37] compared feature extraction techniques 
for automated surgical skill assessment using motion 
analysis, showing promising results. Likewise, Ruzicki 
[38] reported high tool detection accuracy (AUC 0.933 
to 0.998) in cataract surgery, although skill classification 
accuracy varied. Similar results were also noted in studies 
by Holden [39] & Oropesa [40] while Kumar [41] devel-
oped an objective framework for robotic surgery train-
ing, offering valuable feedback.

Fig. 2  Study breakdown based on country where it was done
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AI has also been used for predictions, with Ariaeinejad 
[42] using a machine learning algorithm to identify per-
formance patterns, achieving a sensitivity of 0.54, speci-
ficity of 0.74, and AUC of 0.64. Additonally, studies by 
Amirhajlou [43] and Yost [44] using neural networks to 
predict board certification exam performance based on 
ITE and ABSITE scores, achieving high accuracy.

AI in trainee & faculty evaluations
Woods [45] and Spadafore [46] developed NLP models 
to assess supervisor narrative comments in competency-
based medical education. Woods’ model showed bal-
anced accuracies of 0.615 for performance descriptions, 
0.85 for suggestions for improvement, and 0.902 for link-
ing performance. Similarly, Spadafore’s model predicted 
the exact human-rated score or within one point in 87% 
of instances, with balanced accuracies of 85% for sugges-
tions for improvement and 82% for linking performance. 
Zhang [47] extended these efforts by assessing text-min-
ing techniques to synthesize evaluation comments for 
residents, achieving 93% accuracy in sentiment analysis 
and 76.3% precision and recall for topic classification. 
Similarly, Ryder [48] developed an NLP system to evalu-
ate supervisor narrative comments, achieving 87% accu-
racy within 1 point of the human-rated score.

Several studies have focused on enhancing feedback 
analysis using NLP. Stahl [49] used NLP to analyze EPA 
assessment narrative comments, enhancing understand-
ing of resident entrustment in practice. Solano [50] vali-
dated an NLP model for characterizing feedback quality 
to surgical trainees, demonstrating high accuracy (83%) 
and specificity (97%), though with low sensitivity (37%). 
In a similar vein, Neves [51] employed machine learning 
to evaluate feedback on anesthesiology resident perfor-
mance, achieving 74.4-82.2% accuracy in predicting feed-
back traits and high precision in low-quality predictions 
while processing data significantly faster than manual 
scoring.

Other studies have leveraged NLP for broader edu-
cational outcomes. For example, Lui [52] used NLP to 
track medical residents’ cognitive maturation, correlating 
linguistic markers with faculty assessments, providing 
insights into their developmental progress.

AI in GME recruitment
AI has been used to analyze Letters of Recommendation 
(LORs), applications, personal statements, as well as to 
predict rankings or interview invitations and recruitment 
outcomes.

In studies on LORs, Boolchandani [53] found no sig-
nificant differences in language based on gender or 
race. However, Sarraf [54] observed differences in how 
language was used to describe male and female general 
surgery candidates, indicating gender-related variations 

in linguistic style. Additionally, Vasan [55] identified dis-
tinct language patterns between U.S.-trained applicants 
and international medical graduates (IMGs) in the field 
of rhinology. Gray [56] noted bias in sentiment, with 
Black applicants receiving the highest positive sentiment 
and Hispanic applicants the lowest (p = 0.03).

In residency applications analysis, Drum [57] showed 
ML’s moderate sensitivity (0.64) and high specificity 
(0.97) in identifying values from unstructured data, cor-
relating with interview invitations and enhancing equity. 
Burk-Rafel’s [58] ML-based decision support tool identi-
fied 20 overlooked candidates through holistic screening. 
AI also predicted applicant rankings [59–62] and inter-
view invitations [63].

Johnstone [64] found that AI-generated personal state-
ments were challenging to distinguish from human-writ-
ten ones, with 70% of program directors unable to detect 
a difference. Patel [65] reported no significant difference 
in ratings for readability, originality, authenticity, and 
overall quality (all P > 0.05) between computer-generated 
and applicant essays. However, raters were less inclined 
to grant interviews to computer-generated essays (58% 
vs. 78%, P = 0.12).

AI’s role extends beyond document analysis to inter-
active tools aimed at enhancing the recruitment experi-
ence. For example, Yi [66] highlighted AI’s potential for 
recruitment through a chatbot for virtual Q&A, suggest-
ing it improved program perception.

AI in medical education and training
Bond [10] found that incorporating AI in virtual stan-
dardized patient (VSP) simulations significantly increased 
clinical training effectiveness, with learners accurately 
diagnosing 82% of cases and boosting their decision-
making confidence. Similarly, Zhao [67] reported that a 
blended teaching approach improved overall learning 
engagement while Merritt [68] further suggested that AI 
technology could overcome common obstacles of con-
ventional simulation methods. For example, Webb [69] 
demonstrated ChatGPT’s potential in designing realistic 
clinical scenarios for training emergency physicians in 
breaking bad news.

El Saadawi [70] showed AI-based tutoring systems 
deliver customized educational experiences by accurately 
interpreting learner inputs. Kelahan [71], supported by 
Lin [72] and Muntean [73], demonstrated AI’s ability 
to adapt to learners’ progress, providing personalized 
feedback and enhancing learner experience. Chen [74] 
described an NLP-incorporated dashboard to track resi-
dent caseloads, identifying training gaps and improving 
education.
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AI in standardized examinations
Several studies tested the performance of AI tools in 
standardized multiple-choice examinations across vari-
ous medical subspecialties.

Nori [75] investigated GPT-4’s capabilities on medical 
challenge problems, surpassing the USMLE passing score 
by over 20 points. Ali [76] assessed GPT-3.5, GPT-4, and 
Google Bard on a neurosurgery oral boards preparation 
question bank, with GPT-4 achieving the highest accu-
racy at 82.6%. Bartoli [77] evaluated ChatGPT in generat-
ing and answering neurosurgical written exam questions, 
ranking 6th out of 11 participants. Gupta [78] applied 
GPT-4 to the Plastic Surgery Inservice Training Examina-
tion, achieving 77.3% accuracy, while Humar [79] found 
ChatGPT performed on par with a first-year resident on 
the Plastic Surgery In-Service Examination, but lower 
than more advanced residents. Holmes [80] compared 
LLM performance in ophthalmology questions, with 
GPT-4 performing comparably to attending physicians. 
Cohen [81] evaluated ChatGPT’s performance in Hebrew 
OBGYN exams, scoring 38.7% compared to 68.4% by res-
idents, and found it performed better on English medical 
tests (60.7% accuracy).

Rizzo [82] compared GPT-3.5 Turbo and GPT-4 on 
orthopaedic in-service training exams, with GPT-4 con-
sistently outperforming GPT-3.5 Turbo while Lum [83] 
found it performed below passing thresholds for higher 
years of training. Smith [84] explored LLM performance 
on ACEM primary examinations, finding GPT-4 outper-
formed average candidates. Mahajan [85] assessed Chat-
GPT’s performance on the Otolaryngology Residency 
In-Service Exam, with accuracy varying by question 
difficulty.

AI has also been studied to generate questions rel-
evant for GME. Cheung [86] found AI-generated MCQs 
matched human-created ones in quality across most 
domains but were slightly inferior in relevance. ChatGPT 
notably produced MCQs much faster than humans.

AI in clinical decision making and training
Wu [87] and Yi [88] compared the diagnostic abilities 
of AI and resident physicians. Wu found that AI’s per-
formance on chest radiographs was comparable to that 
of residents while, Yi noted that a deep learning sys-
tem analyzed pneumothorax images about 1000 times 
faster, potentially reducing misdiagnosis and enhancing 
training.

AI has also been used in different specialties and sce-
nario to improve diagnostic accuracy and confidence of 
residents and fellows [89–96]. For example, Lee [97] used 
a deep learning model in the CT diagnosis of cervical 
lymph node metastasis in thyroid cancer to help under-
performing residents. Chassagnon [98] reported that a 
computer-aided detection (CADe) system improved the 

diagnostic sensitivity, specificity, and accuracy of resi-
dents with active use of the system. Interestingly, Shah 
[99] found that simulation cases with Clinical Decision 
Support (CDS) were valued educationally, but resulted 
in lower confidence in findings and diagnosis. Shiang [9] 
highlighted that radiology residents supported AI-DSS 
for triaging patients and troubleshooting tasks.

AI use has also been studied in other aspects of GME 
workflow. For example, Thanawala [100] showed AI 
increased case logging efficiency in general surgery train-
ing programs, while Gong explored AI’s potential in ana-
lyzing clinical notes to reduce work hours. Gao [102] 
and Ouyang [103] leveraged historical medical records 
to enhance diagnostic learning for interns and novice 
physicians.

Limitations identified in various studies
The reviewed studies reported several limitations that 
affected the generalizability and accuracy of their find-
ings. Key methodological concerns include self-reporting 
biases, low response rates, and survey design challenges 
[18, 19, 22, 23, 68, 104]. Additionally, small sample sizes 
were a recurrent issue. For example, Bond et al. [10] 
tested AI-driven virtual standardized patient simulations 
on only 14 residents, limiting the ability to draw broad 
conclusions about its effectiveness across different spe-
cialties. Similarly, studies assessing AI’s predictive abil-
ity for board certification exams [43, 44] often used data 
from a single institution or a limited cohort, making it 
difficult to apply findings universally.

Another critical limitation is the variability in AI appli-
cations, which affects comparability across studies. AI 
tools used for predicting board exam performance [42, 
43] rely on structured data inputs, whereas AI applica-
tions in clinical decision-making [86, 87, 97] involve deep 
learning models trained on imaging datasets. This fun-
damental difference in AI methodologies means findings 
from one domain cannot be extrapolated to another. For 
instance, an AI system that performs well in surgical skill 
assessment [28, 29] using motion tracking may not trans-
late to radiology decision support systems [88, 89].

Furthermore, algorithmic biases are a recurring issue. 
Sarraf et al. [54] identified gender-related variations in 
how AI analyzed letters of recommendation for surgery 
applicants, raising concerns about fairness in recruit-
ment. Similarly, studies applying NLP to performance 
evaluations [45, 46] identified potential bias in feedback 
interpretation, which could reinforce pre-existing dispar-
ities in medical training.

The ongoing refinement and validation of AI technolo-
gies are frequently recommended because of perfor-
mance concerns [56, 58, 59, 64, 92, 102, 105, 106]. Many 
AI models are developed in controlled environments but 
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require further testing in real-world clinical settings to 
ensure robustness.

Clinical context limitations and participant-related 
issues highlight the challenges in applying AI across 
diverse clinical settings and populations [33, 40, 41, 81, 
86, 107]. For example, an AI-driven competency assess-
ment tool tested in a single specialty or training site may 
not be effective when applied to a multispecialty resi-
dency program with different educational needs.

Implications for future research and practice
Future research should validate current findings and 
explore additional AI applications for GME. Studies need 
large sample sizes, multiple sites, and comprehensive 
data to enhance generalizability and reliability. Evaluat-
ing and improving AI models, including large language 
models (LLMs) and neural networks, is crucial. Address-
ing algorithmic biases identified in the reviewed studies 
is essential for ensuring fairness and accuracy.

While this review summarizes predictive accuracy 
metrics (e.g., AUC, sensitivity, specificity), direct com-
parisons to established clinical benchmarks are beyond 
the scope of a scoping review. Future studies should sys-
tematically assess the clinical significance of AI models 
by comparing them against human performance stan-
dards or widely accepted diagnostic thresholds.

In addition to addressing biases, ensuring fair repre-
sentation, including gender and nonbinary consider-
ations, is essential. Algorithmic biases in recruitment, 
assessment, and performance evaluation may perpetu-
ate disparities, making fairness audits and model valida-
tion crucial before widespread implementation. Ethical 
considerations such as data privacy, informed consent, 
and transparency in AI algorithms must be prioritized 
to maintain the effectiveness and reliability of AI-driven 
tools. AI systems trained on clinical or educational data 
pose risks of data misuse, necessitating strong regulatory 
oversight to ensure compliance with privacy laws (e.g., 
HIPAA, GDPR). Additionally, questions of accountabil-
ity remain unresolved—when AI contributes to residency 
evaluations or patient care decisions, clear guidelines are 
needed to delineate responsibility between AI develop-
ers, educators, and clinicians.

Given the gap in AI training within residency pro-
grams, incorporating AI education into curricula is rec-
ommended along with faculty training for effectively 
utilizing AI tools and interpreting AI-generated data. 
One approach could be adapting the competency-based 
medical education (CBME) framework, which is widely 
used in medical education, to include AI skills alongside 
clinical competencies. For instance, Tippur [108] dis-
cusses how AI education can be integrated into curricula, 
focusing on bridging the gap between current training 
methodologies and the evolving technological landscape. 

Similarly, other fields have successfully integrated AI edu-
cation into their curricula. Southworth [109] presented 
a model for embedding AI across the higher education 
curriculum, highlighting the importance of AI literacy 
for future professionals, which could serve as a valuable 
framework for GME programs.

Research should also explore AI applications in broader 
aspects of medical education. This includes tailoring 
teaching to individual learning needs, optimizing edu-
cational outcomes and providing personalized feedback. 
Longitudinal studies are needed to assess the long-term 
impact of AI tools on clinical competencies and patient 
outcomes to understand AI’s broader implications in 
GME.

AI’s role in resident and fellow recruitment and selec-
tion processes shows promise but also highlights biases 
and disparities. Future studies should refine AI algo-
rithms to ensure fairness and equity in recruitment. 
Exploring AI integration in holistic review processes can 
further enhance fairness.

Finally, developing standardized evaluation metrics to 
assess AI interventions will ensure consistency across 
studies. Evaluating the cost-effectiveness of AI applica-
tions, considering both initial investment and long-term 
benefits, is essential. Future research should explore how 
AI can support trainees in preparing for standardized 
exams and improving their test performance.

Limitations of this scoping review
Study heterogeneity in design, AI applications, and out-
come measures posed a significant challenge to synthesis. 
The included studies varied in methodology, participant 
populations, and AI implementation strategies, making 
direct comparisons difficult. Some studies focused on 
predictive modeling, while others assessed AI’s role in 
education, evaluation, or clinical decision-making, lead-
ing to variability in reported effectiveness and applicabil-
ity. This heterogeneity necessitated a descriptive rather 
than a comparative synthesis, limiting our ability to draw 
definitive conclusions about AI’s overall impact on GME.

To mitigate this challenge in future research, efforts 
should be made to standardize study designs and report-
ing frameworks. Establishing common evaluation metrics 
for AI interventions in GME would improve comparabil-
ity across studies. Additionally, multi-institutional col-
laborations using shared methodologies can enhance 
the generalizability of findings. Implementing structured 
reporting guidelines—such as those used in AI applica-
tions in clinical medicine—could further reduce incon-
sistencies in study outcomes.

While this review provides a broad overview of AI’s 
applications in GME, the rapidly evolving nature of AI 
necessitates ongoing updates to maintain relevance. 
Future research should not only focus on validating 
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findings across multiple settings but also on developing 
standardized methodologies that facilitate clearer syn-
thesis of AI’s role in medical education.

Conclusion
This scoping review provides a comprehensive overview 
of the applications, benefits, and challenges of AI inte-
gration in GME. However, study heterogeneity, small 
sample sizes, and limited multi-institutional validation 
hinder generalizability. Additionally, biases in AI models, 
particularly in recruitment and performance evaluation, 
highlight the need for fairness audits and robust valida-
tion before widespread implementation.

Future research should focus on standardized evalu-
ation frameworks for AI-driven assessments, ensuring 
their reliability and applicability across diverse training 
environments. Addressing the gap in AI literacy among 
trainees and faculty is also critical, with competency-
based educational models offering a potential pathway 
for structured AI integration into curricula. Additionally, 
refining AI algorithms to promote equity in residency 
recruitment and performance assessments remains a 
crucial area for ongoing investigation.

As AI continues to evolve, periodic re-evaluations of 
its impact on GME will be necessary to ensure its ben-
efits outweigh risks. Expanding research efforts across 
multiple specialties and global settings will provide more 
inclusive insights, ultimately guiding the responsible 
adoption of AI in GME.
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