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Background: Advances in AI and NLP have popularized large language models (LLMs) in medical education. Post-2022 research 
has proliferated yet remains fragmented; no comprehensive bibliometric mapping systematically outlines this field’s global layout, 
collaboration networks and thematic evolution.
Objective: To clarify publication trends, core contributors, collaboration patterns, research hotspots and evolutionary frontiers of 
LLMs in medical education via bibliometric analysis, and deliver targeted insights for educational practice.
Methods: This is a systematic bibliometric study. We collected 2016–March 2026 peer-reviewed English papers from WoSCC and 
Scopus. Metadata were standardized and analyzed with the Bibliometrix R package and VOSviewer to generate publication statistics, 
collaboration networks, citation metrics and keyword cluster maps.
Results: In total, 1991 papers were included, with an annual growth rate of 59.04%. The US (28.5%) and China (15.9%) led global 
outputs; Harvard, the University of Toronto and top Chinese scholars dominated contributions, and JMIR Medical Education served as 
the core journal. Five thematic clusters were identified: education ethics, LLM performance, patient education, clinical reasoning and 
intelligent assessment. Research priorities shifted from basic neural network exploration to privacy and standardized large-scale LLM 
deployment after 2024.
Conclusion: LLM medical education research grows rapidly but suffers insufficient empirical evidence, unbalanced themes and 
delayed governance frameworks. Based on our bibliometric findings, we propose practical optimization schemes: strengthen inter
disciplinary research, build matched risk supervision, define LLMs as teaching assistants, and prioritize cohort trials, specialized 
medical LLMs and unified ethical standards.
Academic Contributions: This study provides the latest full-spectrum quantitative mapping of the field, fills gaps in systematic 
literature review, and offers actionable references for medical educators, curriculum developers and policymakers to realize safe, high- 
quality LLM integration into medical education.
Keywords: large language models, artificial intelligence, medical education, bibliometric analysis, research trends

Introduction
The rapid breakthroughs in artificial intelligence (AI) and natural language processing (NLP) have catalyzed the 
widespread integration of large language models (LLMs) into nearly every aspect of medical education.1–4 Before the 
2022 LLM boom, early AI medical education research mainly focused on simple machine learning-assisted question 
banks and basic online tutoring tools, lacking intelligent conversational capabilities and systematic clinical scenario 
simulation capacity, forming a clear baseline gap compared with current generative AI applications. Since the launch of 
ChatGPT in late 2022, the field has undergone explosive growth, with LLMs widely adopted for clinical reasoning 
training, virtual patient simulation and automated teaching assessment.5–8

Nevertheless, LLM adoption brings prominent risks including algorithmic bias, factual hallucinations, student privacy 
leakage and lagging ethical governance mechanisms, which have not been systematically sorted out in existing scattered 
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studies.9–11 Prior literature exploring LLM embedding into medical curricula mostly adopts narrow narrative reviews, 
focusing only on single teaching links or partial ethical disputes; few studies systematically comb cross-national 
collaboration, thematic evolution and field structural defects, resulting in highly fragmented research outputs without 
a holistic field roadmap for educators and policymakers.

Bibliometric analysis serves as a quantitative mapping tool with replicability and macroscopic visualization advan
tages, which can efficiently sort massive literature’s intellectual structure and collaborative networks; yet it also carries 
limitations such as dependence on indexed metadata and unavoidable subjectivity in keyword clustering. This method is 
especially appropriate for this fast-expanding LLM medical education field, as traditional narrative reviews cannot 
achieve comprehensive panoramic sorting.12,13

Against the above context, this study’s core purpose is to conduct a complete bibliometric mapping of global LLM 
medical education literature from 2016 to March 2026. Its positive academic contributions are threefold: first, it 
supplements the missing macroscopic overview of this emerging field; second, it identifies unbalanced thematic 
development and insufficient high-quality empirical evidence; third, it provides targeted optimization directions for 
safe, standardized LLM curriculum integration. The specific research objectives are as follows: Describe the temporal 
publication trends; Identify major contributing countries, institutions and authors; Visualize international and institutional 
collaboration networks; Analyze keyword clusters to reveal research hotspots; Explore evolutionary trends and propose 
future directions.

Methods
Search Strategy
This study adopts a systematic bibliometric descriptive research design, and the complete research workflow includes 
database retrieval, literature screening, metadata extraction, keyword unification, and bibliometric statistical visualization 
analysis.

In March 2026, we retrieved literature from two core databases: Web of Science Core Collection (WoSCC) and 
Scopus. WoSCC boasts complete standardized metadata and is widely recognized as the mainstream database for 
bibliometric research.14,15 The retrieval formula combined terms of large language models and medical education:

(Topic: (“Large language models” OR “LLMs” OR “Big language models” OR “Artificial intelligence language 
models” OR “AI language models”)) AND (Topic: (“Medical Education” OR “Medical Teaching” OR “Undergraduate 
Medical Education” OR “Graduate Medical Education” OR “Continuing Medical Education”)).

The identical retrieval logic was applied to Scopus. The retrieval time range was set as 2016 to March 2026, covering 
the embryonic stage of AI medical education to the post-ChatGPT explosive research phase, with rational temporal 
coverage. Inclusion criteria: English original articles and reviews only; conference papers, preprints and grey literature 
were excluded. The full screening procedure is shown in Figure 1.

Data Extraction
The full records and cited references of the included publications were exported in tab-delimited text format. The 
bibliometric parameters that were extracted covered various aspects, such as titles, abstracts, keywords, authors, 
affiliations, countries or regions, publication year, journal names, and references.

To guarantee the accuracy of all the data, a double-verification process was carried out. In case there were any 
inconsistencies found during this process, they were resolved by re-examining the original articles.

When it came to the consolidation of keywords, multiple criteria were utilized. These included semantic equivalence, 
which meant that terms with the same meaning were grouped together; morphological variations, taking into account 
different forms of the same word; abbreviations and their corresponding full forms to unify the different ways of 
expressing the same term; domain-specific terminological standards to follow the proper usage within the relevant field; 
and contextual links where certain terms frequently appeared together and were closely related in context. By adopting 
these criteria, the aim was to merge the terms that represented the same core concept. This, in turn, enhanced the 
replicability and clarity of the subsequent analysis.
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Data Analysis
In this study, the Bibliometrix package in R software (version 4.4.3) and VOSviewer (version 1.6.20) were employed for 
bibliometric analysis and the creation of scientific knowledge maps.16,17

The Bibliometrix R package played a significant role in analyzing several aspects. It was mainly utilized to examine 
the annual production of relevant literature, the production volume by different countries, the contributions made by 
authors over time, the local impacts of sources based on the H index, as well as the trending topics.18,19

VOSviewer is a powerful bibliometric tool. It was used to generate knowledge maps based on web data and enabled 
the visualization and exploration of these maps.20 Specifically, in this study, due to its outstanding performance in 
clustering tasks, which is intuitive and clear, VOSviewer was leveraged for conducting clustering analyses of countries, 
institutions, journals, authors, citations, and keywords.21

Figure 1 Flow diagram for the screening procedure. (Time range from 2016 to March 2026).
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Both of these tools focus on analyzing co-occurrence. For instance, they analyze the instances where certain 
keywords appear together in publications. Through this analysis, they aim to map out the relationships among various 
elements and identify the natural clusters composed of tightly linked items. VOSviewer primarily visualizes these 
networks and clusters directly from the co-occurrence data by using distance and color. Meanwhile, the Bibliometrix 
package calculates the underlying matrices, provides statistical clustering methods, and detects trends through features 
like thematic evolution diagrams over time.

Results
Bibliometric Landscape Overview
A total of 1991 documents were retrieved from WoSCC and Scopus (Figure 1). Most of these publications were 
published after 2022. The retrieved literature spanned 912 distinct journals. Notably, the average annual growth rate of 
publications was 59.04%, and each document received an average of 20.86 citations. Additionally, the total number of 
contributing authors was 9554 (Table 1).

Publication Dynamics
Figure 2 illustrates the annual scientific production (number of articles) in the field of LLMs in medical education from 
2016 to 2026 (with 2026 data reflecting only publications up to March of that year). From 2016 to 2021, the annual 
output remained at an extremely low and stable level, with only minor fluctuations and negligible growth. This period 
reflects the early exploratory phase of the field, characterized by limited research interest and foundational technological 
development. Beginning in 2022, the field entered a phase of exponential growth: the number of articles rose rapidly, 
accelerating sharply in 2023 and 2024, before reaching a clear peak in 2025, with the total number of published works 
approaching 1000.

Geographical and Institutional Output
National Productivity and Collaboration: Analysis of national publication output revealed contributions from 79 
countries/regions. The country-specific distribution of publications is summarized in Table 2 and visualized in 
Figure 3. The United States was the most prolific contributor (n=568, 28.5% of total publications), followed by China 
(n=316, 15.9%), Germany (n=104, 5.2%), Canada (n=78, 3.9%), and the United Kingdom (n=65, 3.3%). To explore 
international research collaboration, the country co-authorship network was visualized using the country co-authorship 

Table 1 Synopsis of Literature Search Outcomes

Account Results

Main Information About Data

Timespan 2016:2026

Sources (Journals) 912
Documents 1991

Annual Growth Rate % 59.04

Document Average Age 1.6
Average citations per doc 20.86

Document Contents
Keywords Plus 5053

Author’s Keywords 3799

Authors
Authors 9554

Authors of single-authored docs 90

Document Types
Article 1664

Review 327
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module in VOSviewer (Figure 4). A total of 45 productive countries/regions formed an interconnected collaborative 
network, among which the United States, the United Kingdom, China, Germany, and Canada emerged as prominent 
nodes with relatively thick connection lines. The United States exhibited the highest total link strength (TLS=244) and 
collaborated with 38 productive countries/regions.

Institutional Leadership: Among the top 10 most productive institutions (Table 3), Harvard University (USA) ranked 
first with 106 publications, closely followed by the University of Toronto (Canada) (n=97) and the University of 
California System (USA) (n=72). Additionally, Figure 5 depicts the collaboration network among the top 60 institutions. 
The Harvard Medical School node is the largest and most central in the network, indicating that it is the most prolific 
institution and a major hub for international collaboration.

Scholarly Ecosystem: Periodicals and Researchers
Journal Influence: A total of 1991 publications from 912 journals were included in this study. The top 10 journals in terms of 
publication volume, along with their 2024 Impact Factors (IF), are summarized in Table 4.16 Notable journals among these 
include JMIR Medical Education (n=94, IF=3.2), Journal of Medical Internet Research (n=65, IF=6), and BMC Medical 

Figure 2 Distribution of yearly article outputs from 2016 to 2026 (with 2026 data reflecting only publications up to March of that year).

Table 2 The 10 Most Productive Nations in Research on LLMs in Medical 
Education

Rank Country Articles Articles % SCP MCP MCP %

1 USA 568 28.5 515 53 9.3

2 China 316 15.9 270 46 14.6
3 Germany 104 5.2 84 20 19.2

4 Canada 78 3.9 58 20 25.6

5 United Kingdom 65 3.3 54 11 16.9
6 India 58 2.9 52 6 10.3

7 Italy 52 2.6 43 9 17.3

8 Japan 49 2.5 41 8 16.3
9 Australia 46 2.3 39 7 15.2

10 Korea 41 2.1 36 5 12.2
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Education (n=55, IF=3.2). To evaluate journal influence, the Bibliometrix R package was employed, with measurements 
based on the H-index. JMIR Medical Education exhibited the highest H-index (Figure 6A). Temporal publication trends for 
these top journals are depicted in Figure 6B. For co-citation analysis, VOSviewer was used to analyze source journals 
(defined as those with ≥150 citations). Thirty journals were identified based on total link strength (Figure 6C), with the top 
three being JMIR Medical Education, Journal of Medical Internet Research and NPJ Digital Medicine.

Key Authors and Collaborative Networks: A total of 9554 authors worldwide have contributed to publications 
in this field. For this analysis, the top 10 authors by publication output were identified as key authors. Table 5 
presents detailed metrics-including h-index, g-index, and m-index-calculated over the 10-year study period (2016– 
2026). Of the 10 authors listed in Table 5, nine are Chinese researchers, reflecting the strong contribution of 
Chinese scholars to this field. Among them, Zhang Y was the most productive with 35 cumulative publications, 
Wang Y exhibits the highest citation impact with a total of 2450 citations, and Li J and Zhang Y share the highest 
h-index of 14, indicating the strongest combined research productivity and long-term academic influence. 
Collectively, these three authors are identified as the key contributors in the dataset, demonstrating outstanding 
performance in research output, citation influence, and sustained academic impact. Figure 7 illustrates the temporal 
evolution of research productivity and citation impact for the top contributing authors in the field. All authors 
exhibited a clear upward trend in annual output, with a notable acceleration in 2023–2024.

Figure 3 National Contributions to Research on LLMs in Medical Education. (A) Geographical map depicting national scientific output: darker blue shades indicate higher 
publication volumes; (B) Article publication volumes across countries from 2016 to 2026; (C) Countries of corresponding authors. SCP: Single Country Publications; MCP: 
Multiple Country Publications.
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Figure 4 Analysis of Countries Involved in Research on LLMs in Medical Education. (A) Co-occurrence network visualization of countries in research on LLMs in medical 
education. Countries are clustered into five color-coded groups, with larger nodes indicating higher-productivity nations; (B) Countries colored by their average 
publication year, where blue represents earlier-stage contributors and yellow represents later-stage contributors.
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Keywords and Research Frontiers
Keyword Standardization
A thesaurus was employed (Supplementary Table 1) to enable more precise counting of keyword occurrence frequencies.

Clusters of Keyword Co-Occurrence
Figure 8A visualized 50 high-frequency keywords meeting a co-occurrence threshold of ≥15. The top 10 keywords by co- 
occurrence frequency are: artificial intelligence (n=665); large language models (n=535); ChatGPT (n=407); medical 
education (n=356); natural language processing (n=105); patient education (n=100); chatbots (n=76); machine learning 
(n=64); performance (n=47); and medical students (n=43). Five major thematic clusters were identified via VOSviewer:

(1) Red Cluster: medical education subjects, clinical practice, talent training, and ethical oversight.

Table 3 The Top 10 Institutions with the Highest Productivity

Rank Title of the Institution Literature Nation

1 Harvard University 106 USA
2 University of Toronto 97 Canada

3 University of California System 72 USA

4 Harvard Medical School 71 USA
5 Mayo Clinic 70 USA

6 Harvard University Medical Affiliates 64 USA

7 Sichuan University 61 China
8 University System OF Ohio 61 USA

9 Stanford University 53 USA
10 University OF California 48 USA

Figure 5 Clustering analysis of collaborative ties among institutions with over 5 publications.
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(2) Green Cluster: LLMs themselves, technical performance, digital health, and quality evaluation.
(3) Yellow Cluster: patient health education, health information dissemination, and readability optimization.
(4) Blue Cluster: advanced clinical reasoning, cutting-edge model iteration, and intelligent decision support.
(5) Purple Cluster: medical assessment, natural language processing, and standardized education evaluation.

Emerging Research Frontiers
Regarding research trends, emerging key themes in this field (Figure 8B) include recognition, privacy, scale, responses, burden, 
ChatGPT, artificial intelligence, education, and performance. The development of the field can be divided into four stages:

2018–2020: Focused on neural networks, basic language models, and resident training.
2020–2022: Expanded to technology application, therapy, and knowledge construction.
2022–2024: Dominated by ChatGPT, artificial intelligence, educational impact, and cancer teaching.
2024–2026: Shifted toward privacy protection, large-scale application, information quality, and recognition 

technology.

Discussion
Research Growth Trajectory and Driving Forces
The research on LLMs in medical education has shown an exponential upward trend, with an annual growth rate as high 
as 59.04% from 2016 to 2026, far exceeding most subfields of medical education. This explosive expansion is not merely 
quantitative but reflects a profound paradigm shift driven by the advent of generative AI, particularly ChatGPT, which 
has catalyzed a transition from theoretical exploration to real-world educational implementation.22,23

From 2018 to 2020, the field was in the technological nascent stage, focusing on traditional neural networks, basic language 
models, and resident training without mature generative models.24 From 2020 to 2022, research expanded to technical 
applications, clinical therapy, and knowledge construction, laying a foundation for subsequent integration. Since the release of 
ChatGPT at the end of 2022, the field entered an explosive growth stage from 2022 to 2024, with research hotspots rapidly 
concentrating on model performance, educational impact, and clinical teaching.25,26 After 2024, the focus shifted to in-depth 
regulation and addressing frontier challenges, emphasizing privacy protection, large-scale implementation, information quality, 
and readability. This trajectory mirrors the global development of generative AI, underscoring the tight coupling between 
technical breakthroughs and educational research priorities.27,28 Notably, the inflection point in late 2022 marks the moment 
when LLMs evolved from niche computational tools into mainstream educational instruments, validating the transformative 
potential of AI in reshaping medical pedagogy.29

Table 4 The Top 10 Journals with the Highest Publication Output

Rank Periodical Publication 
Counts

Citation 
Counts

Impact 
Factor

Quartile 
Ranking

1 JMIR Medical Education 94 4791 3.2 Q1

2 Journal of Medical Internet Research 65 1856 6 Q1

3 BMC Medical Education 55 708 3.2 Q1
4 Scientific Reports 33 349 3.9 Q1

5 Medical Teacher 28 320 4.4 Q1

6 Academic Medicine 21 394 5.2 Q1
7 International Journal of Medical Informatics 16 387 4.1 Q1

8 Journal of Medical Systems 14 378 5.7 Q1
9 British Journal of Ophthalmology 11 316 3.5 Q1

10 Journal of The American Medical Informatics 

Association

9 310 4.6 Q1
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Figure 6 Overview of Leading Journals and Co-Citation Analysis. (A) Timeline distribution of publications in the top 10 high-output journals; (B) Annual article volumes in 
journals spanning 2016–2026; (C) Co-cited journals in research on LLMs in medical education.
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Geographic and Institutional Contributions
Geographically, the global research landscape is dominated by the United States and China, which together account for 
44.4% of total publications. The United States leads with 568 articles (28.5%), demonstrating robust single-country 
publications (SCP=515) and extensive international collaboration (multi-country publications, MCP=53; total link 
strength, TLS=244), positioning it as a central hub in the global collaborative network. This leadership aligns with 
longstanding U.S. investments in medical informatics and interdisciplinary AI research, as evidenced by institutions like 
Harvard University and the University of California System-both ranking among the top three most productive global 
entities. China ranks second with 316 publications (15.9%), exhibiting rapid growth in recent years; however, its MCP 
ratio (14.6%) is relatively modest compared to Western nations, indicating untapped potential for deeper cross-border 
partnerships. This dual-center structure reflects both America’s historical dominance in medical education technology 
and China’s strategic push into AI-enabled “New Medical Sciences” under national policy frameworks.30

Institutional analysis further reveals that North American academic medical centers dominate productivity, with 
Harvard University, the University of Toronto, and the University of California System leading the global rankings. 
Notably, Sichuan University represents the most influential Chinese institution, signaling the emergence of Asian centers 
in this globally competitive field. The intensive collaboration among these top-tier universities highlights the importance 
of resource concentration and interdisciplinary synergy-for example, joint projects between engineering and medical 
faculties often yield the most impactful LLM applications in simulation-based training or clinical reasoning tools. 

Table 5 Publication and Citation Metrics for Key Authors

Author h_Index g_Index m_Index Total Citation Count Cumulative Publications

Li J 14 29 2 892 29
Zhang Y 14 35 2.8 2092 35

Chen Y 10 19 2.5 406 33

Kim J 10 20 2.5 410 20
Wang Y 10 32 2 2450 32

Li Y 9 15 3 246 26

Wang X 9 27 1.286 2381 27
Wu Y 9 17 1.125 1959 17

Chen J 8 14 0.889 207 24
Liu J 8 14 2 203 17

Figure 7 Depiction of Authors’ Productivity and Citation Impact Over Time. Larger nodes signify a greater number of publications per year, while darker nodes indicate 
higher annual citation impact.
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Figure 8 Keyword Analysis of LLM-Related Medical Education Research. (A) Keyword co-occurrence network visualization for studies on LLMs in medical education. 
Keywords are grouped into five clusters by color, with larger nodes indicating more frequently occurring terms; (B) Keyword trends and their evolution in LLM-related 
medical education research.
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However, a critical gap remains in partnerships between research institutions and frontline clinical teaching hospitals: 
most studies originate from university labs, with limited input from clinicians who oversee day-to-day medical training, 
risking a disconnect between technical innovation and real-world educational needs.31

Leading Journals and Influential Authors
Scholarly communication in this domain is concentrated in high-impact journals specializing in medical education and 
informatics. JMIR Medical Education emerges as the core venue with the highest H-index, followed by the Journal of 
Medical Internet Research and BMC Medical Education-all Q1 journals with stable citation influence. This concentration 
confirms that LLM-based medical education has gained broad recognition within the international academic community, 
with journals proactively issuing dedicated calls for papers on AI integration since 2023. Author-level metrics identify Li 
J, Zhang Y, and Wang Y as key contributors, excelling in publication volume, citation impact, and h-index. Remarkably, 
9 out of the top 10 authors are Chinese, reflecting the substantial and growing contribution of Chinese scholars to this 
global field. Their active publishing period aligns with the post-2022 AI boom, illustrating the rapid formation of a high- 
impact, youthful researcher cohort driving disciplinary advancement.

This trend is further reinforced by the rise of Chinese-developed LLMs32,33 which have demonstrated superior 
performance in Chinese medical licensing examinations and clinical dialogue tasks compared to general-purpose models 
like GPT-4. For example, Qwen-2.5 achieved the highest accuracy (89.8%) among tested models on the Chinese National 
Nursing Licensing Examination,34 a result attributed to its training on a domain-specific Chinese medical dataset.

Thematic Clusters and Structural Deficiencies
Based on keyword co-occurrence analysis, five interrelated and clearly differentiated thematic clusters were summarized 
in this study. These clusters jointly constitute the complete research framework of LLM application in medical education, 
covering teaching practice, technical verification, public education, clinical training, and academic evaluation. Each 
cluster has independent research focuses and practical values, while sharing inherent limitations that restrict the high- 
quality development of this field.

Red Cluster: Medical Education Ontology, Talent Training, and Ethical Governance
As the largest research cluster in this field, this module takes medical students and clinical practice teaching as the core 
research objects. It mainly explores the full-cycle talent training mode of medical majors and the ethical risk management 
in the application of AI technology. This cluster closely fits the essential attributes of medical education, attaches 
importance to clinical practical orientation, and puts forward early warnings on ethical risks such as algorithmic bias and 
data privacy.35,36 Nevertheless, this research branch has obvious deficiencies. Most ethical discussions remain at 
a macroscopic theoretical level, lacking hierarchical management systems and operable review standards suitable for 
medical teaching scenarios.37,38 In addition, existing research is dominated by short-term cross-sectional surveys, with 
a scarcity of long-term longitudinal tracking data.39 Moreover, there is a lack of differentiated training schemes tailored 
to students at different learning stages and various medical specialties.40

Green Cluster: Model Performance, Digital Health, and Quality Control
With LLMs as the core, this cluster verifies model accuracy, information reliability, and digital health transformation. It 
provides the technical foundation for educational application.41,42 However, overemphasis on accuracy ignores critical 
risks such as hallucination, logical loopholes, and lack of interpretability;43,44 evaluation indicators are too generalized to 
adapt to high-risk medical scenarios; most performance tests are conducted in ideal laboratory environments, lacking 
verification in real complex teaching scenarios.45–47

Yellow Cluster: Patient Health Education, Health Literacy, and Readability Optimization
This cluster extends medical education from campus training to public health education, focusing on patient education, 
popular science communication, and readability improvement.48–50 It expands the boundary of medical education and 
promotes health equity.51 Yet risk prevention of misleading information is seriously insufficient; excessive pursuit of 
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efficiency ignores emotional communication and humanistic care; digital equity and accessibility for vulnerable groups 
are rarely discussed.52,53

Blue Cluster: Advanced Clinical Reasoning, Frontier Models, and Prompt Engineering
As the most cutting-edge and fastest-growing cluster, it targets clinical reasoning, decision support, new models (Gemini, 
DeepSeek), and prompt engineering. It leads the transformation from knowledge assistance to high-level ability training. 
Nevertheless, some studies overstate model efficacy and blur the boundary between assistance and independent decision- 
making; prompt engineering has not been incorporated into the formal curriculum; and there is a lack of unified and 
authoritative evaluation frameworks for multi-model comparison.54,55

Purple Cluster: Medical Assessment, NLP, and Standardized Evaluation
Focusing on the terminal link of education, this cluster explores intelligent assessment, automated scoring, and objective 
question evaluation. It greatly reduces teachers’ workload. However, the evaluation dimension is seriously imbalanced, 
lacking assessment of humanistic care, practical skills, and doctor-patient communication;56,57 it brings academic 
integrity risks such as cheating.58

Structural Deficiencies in the Current Field
Unbalanced Thematic Development
At present, research hotspots are excessively concentrated on technical exploration and clinical application, while 
research on humanistic literacy cultivation, long-term educational impact, and public health equity is insufficient.59–61 

Each thematic cluster develops independently, and interdisciplinary and cross-cluster collaborative research is scarce, 
failing to form a systematic and integrated research system.2,62

Technology Advances Faster Than Governance
The updating speed of LLM application technology is far ahead of the construction of supporting governance 
systems.10,63 Research on ethical norms, data privacy protection, and long-term potential risks lags behind practical 
application by approximately two years, forming an unhealthy development pattern of “technology iteration first and 
governance supervision later”.

Insufficient High-Quality Empirical Research
Existing literature is dominated by descriptive analysis and subjective opinion papers. High-level evidence-based 
research such as randomized controlled trials and long-term cohort tracking studies is seriously inadequate. Most 
conclusions lack rigorous empirical verification, which reduces the reliability and practical guiding value of relevant 
research results.64,65

More Criticism and Less Construction
Numerous studies have repeatedly pointed out the ethical risks, technical defects, and application limitations of LLMs, 
but few scholars propose targeted, operable optimization schemes.66,67 There is a serious lack of standardized institu
tional frameworks, personalized curriculum plans, and complete supervision norms for LLM application in medical 
education.68,69

Risk of Deviating from Medical Education Orientation
Some studies overly focus on technical indicators such as model accuracy and response speed, ignoring the core 
educational goal of medical talent training. The patient-centered service concept and clinical competency-oriented 
training orientation are weakened, leading to the deviation of partial technical research from the essential purpose of 
medical education.70,71

Improvement Strategies and Future Research Directions
In view of the above structural deficiencies, this study puts forward targeted improvement strategies from the perspective 
of balanced and sustainable development, and clarifies high-value research directions for subsequent studies.
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Balance the Thematic Layout
Researchers should attach importance to weak research directions including ethical governance, long-term educational 
effects, and digital health equity.72,73 It is necessary to break the independent development barrier of each cluster and 
carry out interdisciplinary integrated research.74

Build a Synchronized Governance System
Prioritize risk prediction and institutional system construction to keep the governance pace consistent with technological 
updates. Strictly incorporate data privacy protection, algorithmic bias detection, and information security assessment into 
the technology access threshold.75 A hierarchical risk management mechanism should be established to realize classified 
supervision of LLM large-scale application in different medical teaching scenarios.76

The Positioning of LLMs in Medical Education
Clarify the auxiliary positioning of LLMs in medical education rather than a substitute for manual teaching.77 Develop 
virtual clinical cases and intelligent simulation training systems to improve students’ practical operation ability.78

Future Research
To further promote the standardized development of this field, subsequent research can focus on four key directions: 
horizontal performance comparison of various advanced medical large models, long-term cohort research on the 
educational impact of LLMs, customized development of professional medical LLMs, and construction of unified 
standardized AI medical ethics system.

Limitations
Several limitations warrant consideration when interpreting the findings of this study:

1. Database Bias: This analysis only includes publications indexed in the WoSCC and Scopus, potentially under
representing non-English literature and regional journals.

2. Subjectivity in Clustering: Despite rigorous keyword standardization, semantic clustering and thematic classifica
tion retain a degree of subjectivity, which may affect the granularity of topic mapping.

3. Exclusion of Gray Literature: Conference abstracts, dissertations, preprints, and gray literature were excluded from 
the analysis, possibly omitting early-stage innovations and practical implementations in clinical teaching settings.

4. Bibliometric Metrics Limitation: Bibliometric metrics alone cannot capture the pedagogical quality, clinical utility, 
or long-term educational impact of included studies.

Notwithstanding these constraints, the large sample size (1991 publications), systematic screening protocol, and 
comprehensive visualization methods enhance the reliability and representativeness of our findings.

Conclusion
LLM medical education research is growing exponentially at an annual rate of 59.04%, with the United States and China 
accounting for 44.4% of global publications and the field structured around five core thematic clusters. While it delivers 
transformative educational opportunities ranging from personalized learning tools to virtual patient simulations, it still 
faces prominent challenges including insufficient high-level empirical evidence, unbalanced thematic development and 
lagging governance frameworks. This study makes a key academic contribution by providing the latest dual-database 
field mapping up to March 2026 and quantifying previously underrecognized structural imbalances in the field. Based on 
these statistical findings, we put forward three actionable targeted suggestions: integrating prompt engineering into 
formal medical curricula, prioritizing randomized controlled trials evaluating LLM educational outcomes, and establish
ing a graded risk supervision system for educational AI applications. Future research should balance innovation and 
safety, and align technological progress with ethical governance to advance responsible, high-quality LLM integration 
into medical education.
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