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Highlights

Artificial intelligence (AI) and generative AI

Definition of artificial intelligence and genera-
tive AI

The term of artificial intelligence (AI) was first 
introduced by Jphn McCarthy in 1956 and 

refers to the ability of machines or software 
systems to perform tasks that normally require 
human intelligence [1]. Specifically, AI encom-
passes various advanced technologies, includ-
ing machine learning, neural networks, and lan-
guage modeling. In the context of medical edu-
cation, AI can assist educators by automating 
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● This review introduces the core concepts of artificial intelligence (Generative AI) and summarizes the most re-
markable Generative AI models applied in medical education.

● This survey systematically presents the main clinical applications of generative AI medical education.
● The challenges and solutions of introducing Generative AI into medical education are discussed to explore future 

directions for its development and implementation.

Abstract

Generative artificial intelligence (Generative AI) is reshaping both learning and teaching paradigms in medical edu-
cation. With the advancement of Large Language Models (LLMs)-based tools such as ChatGPT, Gemini, and other 
medical-domain-specific models, Generative AI shows strong potential to address persistent challenges in medical 
education, including rigid curricula, unequal access to educational resources, and the diverse learning needs of 
medical students. This review summarizes the applications of Generative AI across key domains: (1) personalized 
learning through real-time analysis of student performance; (2) clinical skills training via immersive simulations 
and virtual patients; (3) automated generation of teaching materials such as clinical cases and assessments; and 
(4) support for student research and academic writing. Empirical evidence indicates that Generative AI-enhanced 
instruction can improve knowledge acquisition, clinical reasoning, and overall educational efficiency. However, 
challenges remain, including the generation of inaccurate or fabricated content, risks to academic integrity, algo-
rithmic bias, data privacy concerns, and unresolved ethical issues regarding AI’s role in teaching. Without proper 
oversight, these risks may compromise educational quality and equity. To ensure responsible adoption, this review 
advocates for the establishment of institutional policies, enhancement of educators’ AI literacy, transparent model 
validation, and a human-centered design framework that positions Generative AI as a collaborative teaching as-
sistant. When responsibly integrated, Generative AI holds the transformative potential to cultivate future medical 
professionals equipped with clinical competence, responsibility, and innovative thinking.

Keywords: Generative artificial intelligence, medical education, large language models, clinical simulation, person-
alized learning, human-centered design



Progress in Medical Education 2025; 1(2): 113-123. PME25080510

Progress in Medical Education	 114

repetitive tasks, reducing dependence on 
human resources, and improving the efficiency 
of teaching and training medical students [2].

Machine learning, as a core branch of AI, 
enables systems to learn patterns from mas-
sive data, allowing them to perform tasks and 
make decisions based on prior experiences [3]. 
Deep learning, a specialized branch of machine 
learning, employs neural networks that mimic 
the structure and function of the human brain 
to automatically extract hierarchical features 
from complex data, providing a foundation for 
both discriminative and generative models [4]. 
Discriminant artificial intelligence refers to mod-
els designed to classify or distinguish among 
data types based on probabilistic reasoning. In 
medicine, such systems are applied, for exam-
ple, in diagnosing lung tumor by using convolu-
tional neural networks to process chest X-rays 
or CT images and determine whether a lesion is 
malignant or benign.

Generation AI is a kind of AI technology that not 
only judges or classifies data but also creates 
new data in various modalities, including text, 
image, audio, video, and even 3D models [5]. 
The output of such systems are collectively 
known as artificial intelligence-generated con-
tent (AIGC), which fundamentally differs from 
discriminative AI by producing rather than cate-
gorizing data [6]. By aligning language models 
with human intentions through techniques like 
Reinforcement Learning from Human Feedback 
(RLHF), generative AI expands beyond narrow, 
task-specific applications toward more general-
ized cognitive capabilities [7, 8].

As machine learning, deep learning, discrimina-
tive AI, and generative AI are all subfields of AI, 

and given that “AI” is a broader and more gen-
eral term, some studies may not clearly distin-
guish these domains, leading to the wide-
spread use of “AI” as a general descriptor [9]. 
Understanding the relationships among these 
components is essential for grasping the staged 
evolution of intelligent systems [10]. A concep-
tual framework (Figure 1) illustrates the rela-
tionship among these technologies.

Landmark models and applications of genera-
tive AI

Large models refer to AI systems character-
ized by a vast number of parameters, enabling 
enhanced learning capacity [11]. Such large-
scale architectures demonstrate superior per-
formance in handling complex tasks. Many 
advanced Generative AI systems are built upon 
these large models to produce high-quality out-
puts. A Large Language Model (LLM) is a subset 
of large models specifically designed for natural 
language processing (NLP), enabling machines 
to understand, generate, and interact using 
human language [11].

Generative AI has demonstrated transforma-
tive potential across multiple domains, includ-
ing conversational chatbots, image synthesis, 
software development assistance, and scien-
tific research (e.g., accelerating drug discov-
ery) [12]. Prominent general-purpose models 
include OpenAI’s GPT-3.5 and GPT-4, Google’s 
Gemini, and Stability AI’s Midjourney for image 
generation [13-15]. A landmark in this evolution 
was the launch of ChatGPT by OpenAI in late 
2022, a conversational agent powered by GPT-
3.5 and GPT-4 architectures [16]. In China, 
DeepSeek represents a significant achieve-
ment, featuring a hybrid open-source and pro-
prietary architecture optimized for Chinese lin-
guistic and cultural contexts [17]. Like ChatGPT, 
DeepSeek is built upon large language model 
technology but fine-tuned to better capture 
Chinese syntactic and semantics, making it par-
ticularly suitable for applications in education, 
healthcare, and technical fields. The mapping 
between Generative AI and its application-level 
models, including ChatGPT and DeepSeek, is 
illustrated in Figure 2.

While general-purpose LLMs such as GPT and 
Gemini show impressive capabilities, they often 
lack domain-specific expertise and may pro-

Figure 1. The organization of artificial intelligence 
technologies.
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duce inaccurate or non-evidence-based con-
tent when applied to specialized fields like med-
icine [18, 19]. To address this limitation, several 
medical-domain-specific Generative AI models 
have been developed, including Google’s Med-
PaLM and Med-PaLM 2 and Med-Gemini, which 
are designed to improve factual accuracy and 
clinical reasoning in medical contexts [20-22]. 
Earlier domain-adaptive efforts include pre-
trained language models such as BioBERT and 
ClinicalBERT, which have demonstrated strong 
performance in biomedical text understanding 
tasks [23]. However, these models are not 
technically considered LLMs. They are based 
on the Bidirectional Encoder Representations 
from Transformers (BERT) architecture possess 
far fewer parameters, and operates as encod-
er-only systems optimized for natural language 
understanding (e.g., entity recognition, text 
classification) rather than open-ended text 
generation.

As summarized in Table 1, medical-domain-
specific models often exhibit a narrower scope. 
They are optimized for biomedical or clinical 
tasks and struggle with interdisciplinary rea-
soning or creative educational applications 
beyond their training domain. Although they 
achieve higher factual accuracy, their conversa-
tional flexibility and interactive naturalness are 
markedly lower than general-purpose models 
such as ChatGPT. Furthermore, challenges per-
sist regarding data accessibility and update 
frequency: many medical models are trained 
on proprietary or restricted datasets, limiting 
transparency, reproducibility, and timely inte-
gration of emerging medical knowledge.

Applications of generative AI in medical edu-
cation

The traditional medical education system faces 
significant challenges amid the exponential 
expansion of medical knowledge and the rapid 
advancements in clinical practice, including 
outdated curricula, unequal access to educa-
tional resources, and difficulty in addressing 
the diverse learning needs of medical students 
who vary in learning styles, prior knowledge, 
and career goals [24]. Generative AI offers a 
transformative solution by enabling more adap-
tive and personalized learning pathways in 
medical education [25].

A variety of generative AI tools have been 
introduced into medical education, differing in 
design, function, and clinical applicability. As 
summarized in Table 1, comparative evaluation 
of leading AI platforms is important for medical 
educators and students to make informed deci-
sions. These platforms represent the forefront 
of generative AI in global medical education, 
each offering unique strengths and trade-offs 
in accessibility, accuracy, language support, 
and domain adaptation. It is important to note 
that limitations—such as hallucinations, data 
privacy risks, and algorithmic biases—are com-
mon across all generative AI systems. The attri-
bution reflects the degree to which these issues 
have been highlighted. For example, ChatGPT 
has been extensively studied for its accuracy 
and reliability in generating medical informa-
tion [26, 27]. In contrast, DeepSeek has shown 
limited adoption outside of China, with its cur-
rent implementation primarily concentrated in 
Chinese-speaking regions. As cloud-based AI 
systems, Gemini and Claude introduce height-
ened privacy risks when handling confidential 
educational or clinical information [28, 29]. 
Despite its strong general reasoning and lin-
guistic performance, Claude—as a general-pur-
pose LLMs—has not been explicitly fine-tuned 
for medical applications. Consequently, studies 
have shown that its performance in clinical 
knowledge tasks behind domain-specific mod-
els such as Med-PaLM, which have been pur-
pose-built for medical education and health-
care contexts [20].

Having established the transformative potential 
of Generative AI in addressing challenges in tra-
ditional medical education, it is now essential 
to explore its specific educational applications. 

Figure 2. Mapping generative AI to application-level 
models. AI, artificial intelligence.
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Table 1. Comparison of generative AI tools (platforms) in medical education

Tools Developer LLM Base Language Support Key Features Limitations
ChatGPT-4 OpenAI GPT-4 Multilingual Dialogue, content gen-

eration, and multimod-
al capabilities [13]

Risk of hallucinations, data 
privacy concerns, and sub-
scription-based access [27]

DeepSeek DeepSeek 
AI

DeepSeek 
series

Bilingual (Chinese 
in dominance and 
English)

Code generation and 
logical reasoning [17]

Limited global adoption

Gemini Google PaLM 2/
Gemini

Multilingual Search-integrated Privacy concerns [21]

Claude 3 Anthropic Claude 3 English-focused Long-context Less medical fine-tuning [20]
Med-PaLM 
2

Google 
Health

PaLM 2 
(medical-
tuned)

English High accuracy in medi-
cal QA, physician-level 
performance [20]

Cannot handle non-clinical 
or interdisciplinary queries; 
reduced conversational flex-
ibility; not publicly available

As illustrated in Table 1, although generative AI 
platforms differ in architecture and regional 
adoption, their shared capacity to generate 
human-like content underpins their diverse 
pedagogical uses. The following subsections 
examine these applications through four prima-
ry pathways: delivering personalized learning 
experiences, simulating clinical environments, 
automating content creation, and supporting 
academic research.

Delivering personalized learning experiences

Generative AI can dynamically assess students’ 
learning progress in real time by analyzing mul-
tiple data sources such as test scores, forum 
interactions, and self-assessment records. 
Based on these inputs, the system recom-
mends individualized learning materials [30]. 
This adaptive process enables learners to prog-
ress at their own pace: when students perform 
well, the recommended content increases in 
difficulty; conversely, when they encounter diffi-
culties, the system provides simplified materi-
als and additional guidance. Some education-
al platforms employ intelligent question-and-
answer modules to further personalize instruc-
tion. AI tutors on these platforms can even 
adapt explanations to each learner’s academic 
level [31]. The AI tutors use simpler terminology 
for early-year students and more advanced con-
cepts for senior trainees. A recent study investi-
gating the integration of AI into medical educa-
tion analyzed how undergraduate medical stu-
dents in the UK used AI for self-directed learn-
ing [32]. The study considered factors such as 
age, gender, and academic year, and found that 
AI-assisted learning tools enhanced medical 
students’ engagement, motivation, and learning 

efficiency. These findings underscore the poten-
tial of Generative AI to foster personalized, stu-
dent-centered medical training [32].

Creating medical simulation scenarios

Generative AI has shown remarkable potential 
in clinical skills training by simulating realistic 
clinical scenarios. These systems allow stu-
dents to repeatedly practice disease diagnosis, 
treatment planning, and patient communica-
tion using AI-generated cases. Notably, urology 
interns who received Generative AI-assisted 
clinical guidance via conversational chatbots 
demonstrated improved performance com-
pared with traditional training methods [33]. 
When combined with virtual reality (VR) tech-
nology, Generative AI can simulate surgical 
operations and complex clinical scenarios 
beyond traditional 2D interfaces. This integra-
tion provides medical students with an immer-
sive, safe, and repeatable 3D environment in 
which they can refine procedural and decision-
making skills. The system can track students’ 
operational actions in real time and provide 
immediate feedback, which is similar to an 
instructor during bedside teaching [34]. 
Learners receive corrective prompts through 
voice or visual cues and can review playback 
recordings for iterative self-correction. Recent 
advances in multimodal Generative AI have fur-
ther enhanced the fidelity of these simulations 
[35]. By combining large language models with 
image and speech technologies, multimodal 
systems can create highly realistic virtual 
patients that exhibit diverse cultural back-
grounds and emotional states such as anger, 
grief, or distrust. The trainees can use this sys-



Progress in Medical Education 2025; 1(2): 113-123. PME25080510

Progress in Medical Education	 117

tem to practice empathy, communication, and 
conflict resolution in challenging encounters.

Automating the creation of medical teaching 
content

Another major application of Generative AI in 
medical education lies in its support for auto-
mated generation of teaching materials. 
Traditional approaches to lesson planning and 
examination design are heavily rely on educa-
tors, often time-consuming, and may lack inno-
vation. In contrast, Generative AI-based tools 
can autonomously produce high-quality educa-
tional resources—such as clinical case scenari-
os, and quizzes, tailored to students’ learning 
progress and curricular content. A randomized 
controlled trial evaluated the quality of clinical 
cases and examination questions generated by 
ChatGPT [36]. In this study, medical students 
were randomly assigned to two groups: one 
studied cases generated by ChatGPT, while the 
other group learned from cases written by fac-
ulty members. Researchers then compared 
students’ comprehension and test performance. 
The results indicated that the quality of 
AI-generated clinical cases was comparable 
to those written by teachers, and that the 
AI-created test questions were generally accept-
able, although minor inaccuracies were observed 
[36].

Supporting thesis writing and scientific re-
search

Generative AI also demonstrates considerable 
potential in enhancing research training and 
academic writing. Traditionally, inexperienced 
students rely heavily on experienced mentors, 
engaging in repeated revisions to improve their 
work. Many early-stage medical students strug-
gle with literature retrieval, research design, 
and manuscript development. Generative AI 
provides valuable assistance in these areas 
by enabling users to efficiently access rele-
vant academic literature, generate structured 
research outlines, refine manuscript organiza-
tion, and create preliminary drafts of academic 
writing. For instance, Generative AI systems can 
automatically retrieve scholarly articles based 
on user-defined research topics, extract key 
insights, and generate logically structured intro-
ductions and literature reviews [26, 37]. This 
capability not only enhances students’ efficien-
cy in literature synthesis but also supports the 

development of critical thinking and academ-
ic reasoning, and scientific writing skills. 
Furthermore, in the realm of research method-
ology, Generative AI can recommend appropri-
ate statistical tests, experimental design frame-
works, and questionnaire development strate-
gies based on the research objectives, ulti-
mately advancing the rigor and higher-caliber of 
student-led research projects [38].

Challenges of generative AI in medical educa-
tion

Although Generative AI has demonstrated 
significant potential in medical education—
enabling personalized learning, enhancing 
teaching efficiency, and supporting academic 
writing—its widespread adoption also raises 
critical technical, ethical, and pedagogical chal-
lenges that must be carefully addressed.

Hallucinations and factual inaccuracy

A major concern regarding Generative AI in 
medical education is the accuracy and scientific 
validity of AI-generated content. Given the com-
plexity and high-stakes nature of clinical knowl-
edge, Generative AI models may produce factu-
ally incorrect or misleading information—phe-
nomena collectively known as “hallucinations”. 
Such outputs can distort students’ understand-
ing and, if uncorrected, may negatively affect 
their clinical reasoning and future patient care 
[39, 40]. A multi-center study evaluated the 
ability of 137 general practice trainees to iden-
tify hallucinations in clinical responses gener-
ated by ChatGPT-4o, revealing a mean detec-
tion accuracy of only 55% [41]. This underscores 
the urgent need to strengthen AI literacy among 
both educators and medical students, including 
the ability to critically evaluate, verify, and con-
textualize AI-generated information. Cultivating 
critical thinking is essential to improve learn-
ers’ discernment and ensure the reliability of 
AI-assisted education [41]. 

To mitigate these risks, a combination of techni-
cal safeguards and pedagogical interventions is 
recommended. 

Prompt engineering can be employed to con-
strain model behavior by instructing the AI to 
generate responses strictly grounded in evi-
dence and to cite authoritative sources such as 
clinical guidelines [42]. 
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Retrieval-Augmented Generation (RAG) archi-
tectures can enhance reliability by integrating 
responses with verified information form medi-
cal databases. Notably, the recently proposed 
SelfRewardRAG framework combines RAG with 
large language models to improve medical rea-
soning through self-verification mechanisms, 
producing more accurate and trustworthy out-
puts [43]. 

Human expert supervision remains indispens-
able. AI-generated content, especially those 
involving diagnostic reasoning or therapeutic 
recommendations, should undergo expert 
review by qualified clinicians before incorpora-
tion into teaching materials or assessments 
[44].

Data privacy and confidentiality risks

Medical education often involves the use of 
sensitive health information and real patient 
data. The incorporation of such data in model 
training and interaction processes raises sub-
stantial ethical and legal challenges [45]. 
Documented security failures in Generative AI 
applications have revealed systemic vulnera-
bilities, including data leakage, unauthorized 
access, and infrastructure breaches [46]. 
These vulnerabilities raise serious concerns 
about compliance with major privacy regula-
tions such as the Health Insurance Portability 
and Accountability Act (HIPAA) in the United 
States and the General Data Protection 
Regulation (GDPR) in the European Union. 
Furthermore, they heighten the possibility of 
malicious alteration of patient records or 
manipulation of AI-assisted clinical decision-
making systems. A cross-sectional study con-
ducted at ABWA Medical College in Pakistan 
examined medical students’ concern about 
data privacy in relation to the use of ChatGPT 
in medical education [47]. Approximately 22% 
of students expressed apprehension regarding 
potential privacy breaches and the inaccurate 
information recording. Ensuring ethical data 
handling is essential to safeguard patient 
rights and maintain public trust. To address 
these concerns, several technical and organiza-
tional safeguards are recommended. At the 
user level, reframing or paraphrasing queries 
to obscure identifiable patient details, as well 
as employing robust data anonymization and 
encryption protocols, can substantially reduce 
privacy risks [48]. Moreover, establishing human 

oversight mechanisms to review privacy-related 
content generated or processed by AI systems 
provides an added layer of protection and 
accountability [49]. 

Institutional strategies are equally vital. 
Deploying localized AI models such as Llama 
3 within secure institutional infrastructures—
operating behind firewalls without external data 
transmission—can effectively minimize expo-
sure to third-party servers and enhance com-
pliance with data protection standards [50]. 
Unlike publicly accessible platforms like 
ChatGPT, these on-premise models offers 
stronger control over data governance and 
security. Alternatively, organizations may utilize 
enterprise-grade AI solutions provided by trust-
ed vendors. For example, several academic 
medical centers have successfully implement-
ed private Azure OpenAI Studio deployments 
with secure, API-enabled endpoints, ensuring 
HIPAA-compliant access to LLMs for research-
ers handling sensitive patient data [51, 52].

Academic integrity and misuse

Furthermore, the integration of Generative AI 
into educational settings introduces new chal-
lenges to academic integrity. Students may 
become overly reliant on AI tools to complete 
assignments and generate research papers. 
This behavior potentially undermine the devel-
opment of critical thinking problem-solving, and 
independent analytical skills [53]. A systematic 
review examining the dual role of Generative AI 
in higher education analyzed studies published 
between 2021 and 2024 and assessed its 
influence on both innovation and academic eth-
ics [54]. The review found that while Generative 
AI significantly improves study efficiency and 
creativity, it concurrently introduces substantial 
risks of academic misconduct. 

A critical challenge in addressing these risks 
lies in the detection of AI-generated content. 
Some plagiarism detection tools, such as 
GPTZero, are currently used in academic insti-
tutions to identify AI-assisted writing; However, 
their accuracy remains limited, particularly 
when AI-generated content has been heavily 
modified [55]. Furthermore, research indicates 
that digital watermarking technologies are also 
imperfect [56]. These marks can be easily 
removed through minor textual or visual modifi-
cations. Therefore, sole reliance on detection 
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sources are used to train AI systems, they may 
compromise the fairness, transparency, and 
reliability of algorithmic decision-making [61]. In 
the context of medical education, underrepre-
sentation of certain populations—whether by 
race, language, or socioeconomic status—can 
lead to unequal model performance and biased 
outputs. Students from diverse cultural, linguis-
tic, social or economic backgrounds may experi-
ence differential learning outcomes when inter-
acting with AI-driven educational tools [62]. 
Research suggests that such algorithmic bias 
may substantially influence students’ academ-
ic pathways and reinforce pre-existing sys-
temic inequities within educational systems. 
Therefore, ensuring fairness and inclusivity in 
AI-generated educational content is essential 
for equitable learning outcomes.

Future of generative AI in medical education

In the era of large language models, Generative 
AI has demonstrated substantial potential to 
address persistent challenges in medical edu-
cation, including rigid curricula, resource short-
ages, and diverse learner needs. This review 
highlights four primary areas of applications, 
including personalized learning, virtual clinical 
training, automated content generation, and 
research support, performing well in improving 
teaching quality and accessibility. While promis-
ing, the adoption of Generative AI in clinic teach-
ing entails notable technical, ethical, and peda-
gogical risks. A preventive and collaborative 
approach is therefore essential. Medical educa-
tors and institutional leaders must actively 
adapt to these technological transformations 
by enhancing their digital literacy and embrac-
ing human-AI collaborative teaching models 
[63]. 

To ensure responsible and sustainable imple-
mentation, it is imperative to establish robust 
ethical and governance frameworks. Without 
clear oversight and accountability, AI risks 
being misused or perpetuating inequities in 
educational access and evaluation. Establishing 
transparent policies and continuous monitor-
ing mechanisms can safeguard fairness and 
uphold the integrity of the medical education 
ecosystem. 

To guide this transformation, we introduce a 
human-centered conceptual framework (Figure 
3) that positions the medical student at the 

tools is insufficient. Rather than imposing out-
right bans on AI use, educators should adopt 
new assessment methods, such as oral exami-
nations, practical performance assessments, 
and longitudinal evaluation of the learning pro-
cess. Institutions should also require students 
to explicitly disclose the scope and manner of AI 
use in their academic work, ensuring transpar-
ency and accountability. Equally important is 
the cultivation of AI literacy and ethical aware-
ness. Students must be educated on the 
responsible use of AI technologies. To preserve 
academic authenticity and equity, clear policies 
and guidance are also required to regulate the 
responsible use of AI-assisted technologies 
[57]. 

Algorithmic bias, health equity, and educa-
tional fairness

The application of Generative AI in medical edu-
cation requires heightened vigilance toward hid-
den data biases, many of which remain hardly 
unrecognized by users [58]. A study based on a 
large-scale language corpora have demonstrat-
ed that human biases are often encoded within 
linguistic patterns, which are then learned and 
amplified by NLP models [59]. Consequently, 
Generative AI systems may inadvertently repro-
duce and reinforce gender, racial, and cultural 
stereotypes through biased language represen-
tations [60]. Evidence further indicates that 
such biases are not confined to structured data-
sets, they also exist within unstructured datas-
ets, including visual data. When these data 

Figure 3. A human-centered framework for integrat-
ing generative AI in medical education. AI, artificial 
intelligence.
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core of the educational process. The tree-struc-
tured framework conceptualizes AI as a sup-
portive tool that enhances, rather than replac-
es, human learning and professional develop-
ment. At the core of the model lies the medical 
student, symbolizing the central role of the indi-
vidual learner. From this central node, four prin-
cipal branches extend, representing the foun-
dational domains of medical education: knowl-
edge, clinical skills, research, and professional-
ism. On the left branch, Generative AI-enabled 
applications, such as personalized learning 
systems, virtual patient simulations, automated 
content generation, and scientific writing sup-
port tools, are integrated into each domain. The 
right branch represents the systemic enablers 
required for responsible adoption, including 
institutional governance, educator training, AI 
literacy initiatives, and ethical oversight com-
mittees. Together, these structural supports 
form a stable foundation for sustainable and 
accountable Generative AI integration in medi-
cal education.

Generative AI should be regarded not as a sub-
stitute for educators, but as a collaborative ally 
that enhances teaching effectiveness. When 
deployed within a well-defined ethical and regu-
latory framework, Generative AI can significant-
ly improve medical education. The correct and 
appropriate use of generative AI will ultimately 
help cultivate a new generation of medical pro-
fessionals distinguished by clinical competence, 
ethical responsibility, and creative thinking. 

Conclusion

Generative AI, including domain-specific mod-
els tailored for medical applications, is reshap-
ing the landscape of medical education. Its 
technical attributes have brought new solutions 
to long-standing challenges in traditional medi-
cal education, offering new possibilities for per-
sonalized learning, clinical simulation, automat-
ed content generation, and research support. 

Despite its transformative potential, the inte-
gration of Generative AI into medical education 
is not without risks. Issues such as hallucina-
tions, data privacy risks, academic misconduct, 
and algorithmic biases highlight the need for 
careful considerations and responsible gover-
nance in its deployment.

To fully utilize the advantages of Generative AI 
while minimizing its risks, this review proposes 

a human-centered conceptual framework posi-
tioning AI as an auxiliary tool rather than 
replacement for medical educators. Achieving 
this vision requires robust institutional gover-
nance, comprehensive educator training, wide-
spread AI literacy programs, and consistent 
ethical oversight to foster equitable and trans-
parent adoption.

Looking ahead, collaboration among educators, 
technologists, and policymakers will be critical 
to realize the full potential of Generative AI while 
safeguarding the integrity and humanistic val-
ues that define medical education. Under ethi-
cal and governance frameworks, Generative AI 
holds the potential to cultivate a new genera-
tion of medical professionals distinguished by 
clinical competence, ethical awareness, and 
innovative thinking.
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