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Abstract

Background
Large language models (LLMs) have rapidly expanded across medical education and research. However,
systematic quantitative evidence on their usage patterns, perceived benefits, risk awareness, and their
potential integration into medical education across different stages of medical training remains limited,
particularly for emerging domestic models.

Objective
This study aimed to evaluate the usage characteristics of LLMs among medical students at different
educational levels in China and to examine their implications for medical education and academic
research.

Methods
A cross-sectional survey was conducted among four groups—undergraduates, academic master’s
students, professional master’s students, and doctoral students—using a structured questionnaire. The
survey assessed LLM usage patterns, application scenarios, risk awareness, and attitudes toward
potential medical education reform. Data were analyzed using descriptive statistics and between-group
comparisons.

Results
A total of 334 valid questionnaires were obtained, and 98.2% of respondents reported prior use of LLMs.
DeepSeek and Doubao were the most frequently used models, with usage rates of 45.4% and 31.1%,
respectively. Significant differences across educational levels were observed in usage frequency,
duration, model preference, and application scenarios. Research and innovation-related use increased
with higher educational levels, whereas exam-oriented and clinically focused learning declined. Risk
awareness and the ability to critically evaluate generated information also increased with higher
educational attainment. Research-related stress showed a structural divergence: output-related pressure
increased with academic level, whereas skill-related pressure decreased.

Conclusion
LLMs have become integral tools for medical students’ learning and research, with distinct functional
roles across stages of medical training. Future medical education should move beyond the question of
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whether to use LLMs and focus instead on establishing standardized and effective strategies for their
use.

Introduction
In recent years, LLMs, exemplified by ChatGPT and DeepSeek, have rapidly expanded across higher
education, stimulating extensive debate regarding educational models and research paradigms [1].
Owing to their advanced natural language processing capabilities, LLMs have shown considerable
potential in medical knowledge retrieval, clinical decision support, and medical education [2]. Medicine, a
discipline that closely integrates theoretical knowledge with clinical practice, is at the forefront of this
technological shift [3]. Medical students must acquire extensive theoretical knowledge while developing
clinical decision-making and research-oriented thinking in complex clinical environments. The strong
semantic processing and reasoning capabilities of LLMs offer new opportunities to support these
diverse learning demands [4].

Within the medical domain, LLMs are increasingly used not only to support professional knowledge
acquisition [5] and simulate doctor–patient communication scenarios [6, 7], but also to assist medical
students in academic writing and research design [8]. However, the growing adoption of these
technologies is accompanied by important risks. Issues such as model “hallucinations” [9, 10], data
privacy concerns [11], and potential academic misconduct [12] raise significant ethical challenges for
medical education and research.

Although preliminary studies have explored the use of LLMs among medical students, existing research
has largely focused on Western contexts or early models such as ChatGPT [13, 14]. In the context of
rapid technological iteration and the emergence of high-performance domestic models, these findings
may no longer adequately capture current usage patterns. In recent years, the increasing adoption of
domestic LLMs in China such as DeepSeek, has substantially reshaped how Chinese medical students
engage with these technologies [15,16]. Moreover, many previous studies have treated medical students
as a homogeneous population [14], overlooking educational level as a key analytical variable. Medical
education is characterized by clear stage-specific training objectives: undergraduate students primarily
focus on acquiring foundational knowledge; professional master’s students emphasize clinical skill
development; and academic master’s and doctoral students place greater emphasis on research and
innovation [17]. These differences in training priorities are likely to result in substantial variation across
educational levels in model preference, usage frequency, application scenarios, and risk perception
regarding LLMs.

Moreover, although LLMs have become important tools for medical students’ learning and research, their
role within formal medical education remains unclear [18]. Medical curricula often lag behind
technological developments, leaving many students to explore the use of LLMs independently without
systematic training in LLM literacy. In the absence of structured training and ethical guidance, the use of
these technologies may lead to overreliance, reduced critical evaluation, and potential risks to academic
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integrity. Therefore, determining whether medical students support the integration of artificial
intelligence (AI) into medical education, identifying the stages at which it should be incorporated, and
exploring strategies for its responsible and standardized use represent key challenges for contemporary
medical education reform. A comprehensive understanding of students’ perceptions of AI in medical
education is essential for developing evidence-informed educational reforms.

In this context, the present study conducted a cross-sectional survey among undergraduate, master’s,
and doctoral medical students at China Medical University with three objectives: (1) to compare LLM
usage behaviors across different educational levels; (2) to examine differences in risk perception,
information evaluation ability, and research-related pressure associated with LLM use; and (3) to
investigate students’ attitudes toward integrating AI into formal medical education and to identify the
stages of training at which they believe AI should be introduced.

Method

Participants and procedure
This study employed a cross-sectional questionnaire survey design conducted at China Medical
University between January and March 2026. A stratified cluster sampling strategy was used, with
educational level as the stratification criterion. A total of 357 questionnaires were collected. After
screening for completeness and logical consistency, 334 responses were deemed valid and included in
the final analysis (valid response rate: 93.6%). The final sample comprised four educational groups:
undergraduate students (n = 106), professional master’s students (n = 84), academic master’s students
(n = 99), and doctoral students (n = 45).

Data collection and questionnaire development
Data collection was completed in March 2026. The questionnaire was developed based on existing
literature and adapted to the context of Chinese medical education. A small-scale pilot test was
conducted prior to the formal survey to assess item clarity and internal consistency.The questionnaire
consisted of eight sections (see Supplementary Materials for details).

1. Basic Information and Usage Overview;
2. Application of LLMs in Academic Research and Writing Support;
3. Application of LLMs in Learning, Exams, and Clinical Practice;
4. Risk Awareness and Information Evaluation Ability of LLMs;
5. Information Evaluation and Critical Thinking Assessment;
6. Research-Related Pressure Assessment;
7. LLM’s Contribution to Research Output;
8. Future Application of LLMs in Medical Education.
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Except for objective multiple-choice questions, all scale items were assessed using a five-point Likert
scale (1 = strongly disagree, 5 = strongly agree). Several items were reverse-scored to evaluate response
consistency. All subscales demonstrated acceptable internal consistency (Cronbach’s α > 0.70).

Inclusion and exclusion criteria
Clear inclusion and exclusion criteria were defined for participant selection. The inclusion criteria were
as follows: (1) full-time registered medical students at China Medical University during the survey period
(January-March 2026); (2) students enrolled in undergraduate, master’s, or doctoral programs; and (3)
individuals who understood the study purpose and provided voluntary consent to participate. The
exclusion criteria were: (1) students from non-medical majors, visiting students, or exchange students;
(2) questionnaires with incomplete responses or clear logical inconsistencies; and (3) respondents who
failed the reverse-scored validity checks embedded in the questionnaire.

Statistical analysis
All data were analyzed using SPSS software. Categorical variables (e.g., model preference) were
analyzed using the chi-square test or Fisher’s exact test when appropriate. Continuous variables were
analyzed using one-way analysis of variance (ANOVA), followed by appropriate post hoc comparisons.
The internal consistency of the scales was assessed using Cronbach’s α coefficients. Differences in
scores among items within the same scale dimension were examined using the Friedman test.
Differences in selection proportions among response options in multiple-choice items were analyzed
using Cochran’s Q test. A two-sided p value < 0.05 was considered statistically significant.

Result
1.   High Prevalence and Model Preferences of LLMs

Among the 334 respondents, 328 (98.2%) reported having used LLMs. Subsequent analyses of model
preference were therefore restricted to these 328 users. This high prevalence did not differ significantly
across educational levels, indicating that LLMs have been widely adopted among medical students. In
terms of model preference, DeepSeek (45.4%) and Doubao (31.1%) were the most frequently used
platforms, with significantly higher usage rates than ChatGPT (15.2%) and Gemini (5.5%) (p < 0.001). 

Between-group comparisons revealed that doctoral students showed significantly higher preference
rates for ChatGPT (31.8%) and Gemini (15.9%) than the other educational groups (both p < 0.05). In
contrast, undergraduates demonstrated a significantly stronger preference for Doubao than the other
three groups (all p < 0.001). Meanwhile, the preference rate for DeepSeek did not differ significantly
across educational levels (p = 0.52), with all groups maintaining consistently high usage rates of
approximately 40%–50% (Table 1 and Figure 1a). 
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Table 1.Distribution of LLM model preferences among medical students across educational levels and
results of between-group comparisons ( N = 328 ).

Education ChatGPT DeepSeek Gemini Doubao Kimi Others Total

Undergraduate 8

(7.8%)

42 (40.8%) 1 (1.0%) 51
(49.5%)

1
(1.0%)

0 103

Professional
Master

13
(15.7%)

43 (51.8%) 4 (4.8%) 20
(24.1%)

3
(3.6%)

0 83

Academic Master 15
(15.3%)

46 (46.9%) 6 (6.1%) 26
(26.5%)

4
(4.1%)

1
(1.0%)

98

PhD 14
(31.8%)

18 (40.9%) 7
(15.9%)

5 (11.4%) 0 0 44

p-value 0.003 0.52 0.004 < 0.001 0.72 1.000  

Total 50
(15.2%)

149
(45.4%)

18
(5.5%)

102
(31.1%)

8
(2.8%)

1
(0.3%)

328

 2. Differences in LLM Usage Patterns and Application Scenarios

Significant differences in usage frequency and duration were observed across educational levels (p <
0.001). Doctoral students and academic master’s students reported significantly higher usage frequency
than undergraduates and professional master’s students.  

Regarding application scenarios, clear stratification was evident across educational levels (Figure 1b).
Scenarios related to research and innovation showed a clear increasing trend with higher educational
levels: "Stimulating research ideas and insights" increased from 28.2% among undergraduates to 65.9%
among doctoral students (p<0.001); "Assisting in research design and proposal writing" increased from
30.1% to 56.8% (p=0.002); and "Programming and data analysis" increased from 9.7% to 34.1%
(p=0.005). In contrast, scenarios related to examinations and clinical learning showed a decreasing trend
with higher educational levels: "Preparing for exams and tests" decreased from 46.6% in undergraduates
to 11.4% in doctoral students (p<0.001), and "Analyzing and discussing clinical cases" decreased from
29.1% to 4.5% (p=0.001). No significant differences across educational levels were observed for
foundational learning and general tool scenarios, indicating that the use of LLMs for basic learning and
general purposes represents a common need among medical students (Table S1).

3. Widespread Use of LLMs in Academic Research and Writing Support

Among the 328 students who reported using LLMs, 255 (77.7%) indicated that they used LLMs for
research-related activities. The proportion increased significantly with educational level: 52.4% among
undergraduates, 85.5% among professional master’s students, 89.8% among academic master’s
students, and 95.5% among doctoral students (p < 0.001).
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Further analysis of these 255 students regarding academic research and writing support (Section 2)
showed no significant differences in overall scores across educational levels (p = 0.205), indicating a
relatively consistent perception of LLMs’ research support functions among students at different
educational levels. 

Moreover, the mean scores for individual items ranged from 3.71 to 4.19, indicating that students
generally hold positive attitudes toward the use of LLMs in research activities. However, the Friedman
test revealed significant differences among items (p<0.001). The highest-scoring item was “LLMs help
me clarify research ideas and select study methods” (M = 4.19), followed by “LLMs provide new research
ideas or directions through interaction.” (M = 4.01). These findings suggest that LLMs provide greater
benefits in idea generation than in actual writing or data analysis tasks (Table 2), primarily supporting
medical students during the conceptualization stage of research.

Table 2. Evaluation of LLM Applications in Academic Research and Writing Support Among Medical
Students ( N = 255 )

Evaluation item Mean SD

Clarifying research ideas and selecting research method 4.19 0.68

Providing new research ideas or directions 4.01 0.84

Polishing and revising text in academic papers or reports  3.89 0.91

Serving as an efficient tool for literature search and summarization 3.81 1.03

Assisting in data organization, coding, and preliminary analysis 3.75 1.14

Assisting in drafting research-related manuscripts 3.71 1.15

4. Educational Level Differences in LLM Support for Learning, Examinations, and Clinical Practice

Section 3 examined the support provided by LLMs for professional knowledge learning, examinations,
and clinical practice. In contrast to Section 2, significant differences across educational levels were
observed (p < 0.001). Undergraduates had the highest score (M = 4.05), followed by professional
master’s students (M = 3.70) and academic master’s students (M = 3.70), while doctoral students had
the lowest score (M = 3.50).

Furthermore, the Friedman test revealed significant differences among items (p<0.001). The item
“Simulating doctor–patient communication scenarios” scored significantly lower than all other items (p <
0.001) (Table 3). This finding suggests that LLMs have limited effectiveness in highly specialized clinical
skill training, whereas they are more widely recognized for their role in knowledge acquisition and
broadening perspectives.

Table 3. Evaluation of LLM Applications in Medical Knowledge Acquisition and Clinical Skills Training (
N=328 )
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Evaluation item Mean SD

Establishing interdisciplinary knowledge connections and broadening research
perspectives

4.13 0.80

Facilitating the comprehension and mastery of medical knowledge 3.96 0.86

Providing substantial support for examinations and clinical practice 3.77 0.99

Assisting in examination preparation by generating practice questions and
explaining errors

3.40 1.36

Simulating doctor-patient communication scenarios 3.36 1.04

5. Risk Awareness and Information Evaluation Ability: Increasing with Educational Level

Section 4 assessed students’ awareness of LLM limitations and risks from two aspects: the accuracy of
LLM-generated content and data privacy, while Section 5 evaluated their information evaluation ability.
The results showed clear differences across educational groups, with both risk awareness and
information evaluation ability increasing with higher educational levels (p < 0.001) (Table S2).

The Friedman test revealed no significant differences among individual items, suggesting relatively
balanced development across different dimensions of risk awareness and information evaluation ability.

6. Structural Differentiation of Research-Related Pressure

Section 6 assessed research-related pressure among medical students across three dimensions: time
and energy pressure, research skill pressure, and research output pressure, revealing a differentiated
pattern of research pressure across educational levels (Table 4).

Table 4. Comparison of Mean Scores Across Dimensions of Research-Related Pressure Among Medical
Students at Different Educational Levels ( N=328 )

Education Time and energy
pressure

Research skill
pressure

Research output
pressure

Total stress
score

Undergraduate 2.97 4.37 3.19 3.51

Professional
Master

3.80 4.38 3.71 3.96

Academic Master 3.20 3.27 2.85 3.10

PhD 3.56 3.12 4.46 3.71

p-value < 0.001 < 0.001 < 0.001 < 0.001

Time and energy pressure: Professional master’s students exhibited the highest score (3.80),
significantly higher than undergraduates (2.97, p < 0.001) and academic master’s students (3.20, p =
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0.002), whereas doctoral students scored intermediate values (3.56). This pattern aligns with the
professional master’s training model, in which students must balance clinical rotations with research
responsibilities.

Research skill pressure: Undergraduates and professional master’s students scored significantly higher
than academic master’s and doctoral students (p < 0.001). Undergraduates likely experience substantial
pressure due to limited familiarity with statistical methods and academic writing, whereas professional
master’s students face skill-related challenges stemming from intensive clinical duties and limited
research training. In contrast, academic master’s and doctoral students undergo systematic research
training and consequently experience relatively lower skill-related pressure.

Research output pressure: Doctoral students exhibited the highest score (4.46), significantly higher than
the other three groups (p < 0.001). Professional master’s students ranked second (3.71), significantly
higher than academic master’s students (2.85, p < 0.001) and undergraduates (3.19, p = 0.019). This
pattern reflects the substantial publication pressure faced by doctoral students due to graduation and
career requirements, whereas professional master’s students must complete their thesis within a
constrained timeframe.

7. General Benefits of LLMs for Research Output

Section 7 assessed the benefits of LLMs for research output. One-way ANOVA revealed no significant
differences among educational groups (p = 0.564), indicating that students across different educational
levels provided relatively consistent evaluations of LLM effectiveness in supporting research output.

The Friedman test revealed no significant differences among individual item scores (p = 0.749),
suggesting that LLMs confer relatively balanced benefits across different aspects of research output.

8. Broad Consensus and Rational Consideration of Integrating LLMs into Medical Education

Regarding medical education, 82.6% of students indicated that LLMs should be incorporated to assist
teaching, and 88.1% stated that students should receive formal instruction on using LLMs for research.
No significant differences were observed across educational levels (p > 0.05), reflecting broad
consensus among medical students on the integration of LLMs into medical curricula.

Perceptions of educational challenges are summarized in Supplementary Table S3. “Inaccurate or
erroneous generated content” was the most frequently selected challenge (291 respondents, 88.7%),
followed by “Difficulty in verifying information sources” (241 respondents, 73.5%)
and “Overreliance” (221 respondents, 67.4%). By contrast,  “Privacy and data security concerns” (156
respondents, 47.6%) and “Inability to keep up with the latest research” (119 respondents, 36.3%) received
moderate attention, while “Lack of formal training” had the lowest selection rate (102 respondents,
31.1%). Cochran’s Q test indicated statistically significant differences in selection proportions among the
options (p < 0.001), demonstrating that students’ concerns regarding different challenges were unevenly
distributed. Students prioritized the accuracy and verifiability of LLM-generated content, followed by the
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risk of overreliance, whereas external factors, such as insufficient training, attracted comparatively less
attention. These findings suggest that current medical students’ perceptions of LLM-related challenges
primarily focus on content quality rather than on training in LLM use.

Perceptions of integrating LLMs into educational processes are summarized in Supplementary Table S4.
“Instructional support” (86.6%) and “Research guidance” (71.0%) received the highest levels of
endorsement, followed by “Clinical training” (45.4%) and “Assessment and evaluation” (28.7%). Cochran’s
Q test revealed highly significant differences among the options (p < 0.001), indicating that students
consider LLMs more suitable for supporting teaching and research, while adopting a more cautious
stance toward their application in clinical training and assessment.

Between-group analyses further confirmed heterogeneity in educational needs. Academic master’s and
doctoral students reported higher expectations for LLM use in “research guidance” (p = 0.032), whereas
undergraduates and professional master’s students assigned greater importance to “clinical training” (p
= 0.002). This pattern is highly consistent with the analysis of application scenarios: students at higher
educational levels tend to recognize the research value of LLMs, while those at lower levels place greater
emphasis on their utility in clinical training.

Discussion
This study demonstrates that LLMs have achieved a 98.2% penetration rate among Chinese medical
students, with widespread adoption across all educational levels. This rate substantially exceeds the
28.7% reported in a nationwide survey of Chinese medical students in early 2024 [19] and the 62.9%
reported in 2025 [20], as well as contemporaneous rates in Germany (76.2%) [21] and the United States
(48.9%–52%) [13,14]. The rapid growth and high adoption may be attributed to the recent development
of domestic LLMs, which have lowered barriers to use [15], coupled with persistent academic and
research pressures across different training stages. Collectively, these findings suggest that LLM usage
among medical students has progressed from an initial exploratory phase to a structurally integrated
component of daily learning and research.

In terms of model selection, DeepSeek (45.4%) and Doubao (31.1%) were the most frequently used
models, markedly exceeding the proportion of ChatGPT users (15.2%). This pattern indicates a clear
preference for locally developed LLMs among Chinese medical students. Such a preference may be
attributed to the contextual adaptability and accessibility of domestic models. Compared with Western
general-purpose models such as ChatGPT, domestic models tend to align more closely with Chinese
medical terminology and clinical practice, while also providing more contextually relevant interpretations
of local policies, examination systems, and clinical guidelines [22]. This reduces the need for language
translation and makes these models more suitable for use in contexts such as postgraduate entrance
examinations, standardized residency training, and medical licensing examinations. In addition,
domestic models often provide advantages in network accessibility and lower usage costs [22], which

Page 10/17



further reduce barriers to adoption and facilitate broader use among medical students across diverse
regions and resource settings.

The study further identified model preference patterns based on educational level. Doctoral students
exhibited higher selection rates for ChatGPT (31.8%) and Gemini (15.9%) than other groups, reflecting
the differentiated demands associated with advanced medical training. One possible explanation is that
doctoral students face stronger pressures for internationally oriented research output. Models such as
ChatGPT and Gemini perform well in tasks relevant to this stage, including multilingual SCI manuscript
editing and translation, complex information processing, and cross-disciplinary reasoning [2]. These
capabilities align more closely with the research-oriented tasks that characterize doctoral training. In
contrast, undergraduates more commonly use LLMs for knowledge acquisition and examination
preparation, whereas doctoral students are more likely to employ them for research-related tasks. This
functional differentiation partly explains the divergence in model selection across educational levels.

Medical education is characterized by a stage-specific training structure [17]. In this study, LLM
application scenarios differed significantly across educational levels. Undergraduates primarily used
LLMs for examination preparation and support in learning professional knowledge. At this stage,
students typically face intensive coursework and frequent assessments. LLMs can provide logically
coherent and well-structured explanatory feedback, which may enhance knowledge comprehension and
learning efficiency, thereby helping students consolidate foundational knowledge and improve
examination performance [23]. Previous research by Christy K. Boscardin et al. in 2024 reported that
LLMs can facilitate instant information integration and structured feedback for medical students,
supporting self-directed learning, knowledge framework construction, and clinical reasoning training,
ultimately contributing to the development of self-regulated learning skills and deeper cognitive
processing [2]. 

In contrast, doctoral and academic master’s students primarily use LLMs for research-related activities.
The data suggest that LLMs have become integrated into multiple stages of the research process, with
the highest scores observed for “clarifying research ideas” and “providing research ideas” , rather than
for manuscript writing. This pattern indicates that LLMs are increasingly functioning not only as tools for
language polishing or text generation, but also as cognitive aids that support problem formulation and
the expansion of research thinking. Consistent with this observation, recent reviews report that
advanced medical trainees increasingly use LLMs for tasks such as preliminary screening of large
bodies of literature, generating complex statistical code (e.g., in R or Python), and exploring
multidimensional research hypotheses [24]. 

Among doctoral students, high research output pressure (M = 4.46) may be an important factor
associated with frequent LLM use. By helping clarify research ideas, LLMs can shorten the interval
between research conception and initial draft development, thereby improving the efficiency of the
overall research workflow. As a result, they are increasingly functioning as a support tool in doctoral-level
academic research.
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Notably, LLMs received relatively low scores for patient–physician communication and real-time clinical
decision support (M = 3.36) across all educational levels. This finding is consistent with the results
reported by Rincón et al. [25]. Although students recognize the capacity of LLMs to process medical
knowledge, they remain cautious about their use in clinical contexts characterized by uncertainty and
ethical complexity. These perceptions underscore the continuing centrality of human clinical judgment in
human–AI collaboration.

This study indicates that risk perception and information appraisal abilities increase with educational
level. Previous studies have noted that LLMs are associated with risks such as hallucinated outputs
[9,10], data privacy concerns [11], and potential academic misconduct [12]. Doctoral students
demonstrated the highest levels of risk perception (M = 4.55) and information appraisal ability (M =
4.30), exceeding those of undergraduates and professional master’s students. This heightened
awareness may be associated with the systematic research training and disciplinary knowledge
accumulated during doctoral education. In contrast, the relatively low risk perception observed among
undergraduates (M = 2.92) suggests that using LLMs without sufficient domain knowledge or critical
evaluation may introduce potential risks. With limited capacity for independent information appraisal,
early-stage students may be more susceptible to overreliance on AI-generated outputs, which could
hinder the development of independent thinking and clinical reasoning skills. Within the context of
medical education reform, integrating AI literacy education and structured training on LLM use into
curricula—emphasizing risk identification, information verification, and ethical responsibility—may
therefore be warranted. Such measures can support more effective use of LLMs while contributing to
the development of independent judgment and professional responsibility among future physicians.

This study found that research pressure exhibits distinct structural differences across educational levels.
Among undergraduates and professional master’s students, the primary sources of pressure arise from
limited research competencies, including insufficient training in research design, statistical analysis, and
academic writing. In these groups, anxiety is therefore primarily manifested as skill-related stress. In
addition, professional master’s students reported the highest level of time and effort pressure (M = 3.80),
which is closely associated with the stage-specific structure of medical education. These students are
typically required to complete intensive clinical rotations while simultaneously meeting academic output
requirements within a limited timeframe [17]. In this context, LLMs possess strong capabilities in
knowledge retrieval and content generation [2], which may help mitigate skill-related uncertainties and
enhance the efficiency of completing research tasks.

In contrast, doctoral students experience the highest pressure from research output and achievement
expectations (M = 4.46), significantly exceeding that of other groups. Within a training system that
prioritizes publication quantity and quality as core evaluation metrics, the combination of publication
requirements, graduation standards, and employment competition positions research output as the
primary source of anxiety [25]. While LLMs provide cognitive support and enhance task completion
efficiency, their effect is confined to the tool and skill level and cannot fundamentally alleviate
performance pressure imposed by the evaluation system.
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The data indicate that LLMs are more effective at mitigating skill-related pressure than at reducing
output-related pressure. Despite high frequency and extensive use of LLMs among doctoral students
across the entire research process, overall output pressure remains at peak levels. This suggests that
when pressure is rooted in institutionalized academic evaluation systems, improvements in
technological efficiency alone cannot fundamentally alleviate output-related anxiety. If evaluation
standards remain unchanged, widespread adoption of technology, such as the 98.2% usage rate
observed in this study, may fail to reduce pressure and could even intensify competition, as all
researchers simultaneously enhance output efficiency. These findings highlight that discussions of AI-
enabled medical research should also address the structural effects of evaluation systems to prevent
technological tools from inadvertently becoming catalysts for heightened academic competition.

In medical education, 82.6% of students believe that LLMs should be integrated into teaching, and 88.1%
believe that students should be trained to use AI for research. Support rates did not differ significantly
across educational levels, indicating broad consensus. This suggests that medical education has
reached a critical stage in which proactive adoption of technological advancements is essential. As
emphasized by Faiza Alam et al., given the rapid development of generative AI, medical education should
actively integrate relevant technologies to systematically cultivate future physicians’ critical thinking and
ethical awareness [11]. However, despite strong student receptivity, the absence of systematic course
design and clear guidelines may lead to overreliance and blind trust during self-directed exploration [26].
Therefore, medical curriculum reform should incorporate LLMs as teaching aids, for example by
generating case scenarios and summarizing assessment feedback [27], while also embedding
instruction on the proper use of AI as a core component to balance technological empowerment with
risk management.

Further subgroup analysis indicated that undergraduates and professional master’s students are more
likely to integrate LLMs into clinical training, whereas academic master’s and doctoral students prioritize
their use in research guidance. These findings suggest that medical education reform should avoid a
uniform approach and instead implement tiered, stage-specific designs. For undergraduates and
professional master’s students, reforms should emphasize clinical skill development. Medical schools
can employ LLM-based virtual standardized patients to provide a safe clinical simulation environment
that enhances clinical reasoning. Early integration of AI literacy and standardized usage training is also
essential to prevent overreliance, data misuse, or ethical violations. 

For academic master’s and doctoral students, the educational emphasis should focus on AI-driven
research guidance. Institutions can instruct students on leveraging models to generate research ideas,
identify innovative directions, and assist in programming complex code and managing bioinformatics
data. Such training can substantially improve research efficiency and reduce project timelines. Crucially,
clear distinctions between legitimate academic assistance and academic misconduct must be
established to ensure that students uphold research integrity while enhancing productivity.
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This study provides systematic insights but has several limitations. First, it is a single-center, cross-
sectional survey conducted at China Medical University. Although the sample includes students from
undergraduate to doctoral levels, the findings may not be generalizable to medical schools nationwide.
Second, data were collected through student self-reports, which may introduce subjective bias, and the
doctoral sample size (N=45) is relatively small, potentially limiting the robustness of some between-
group comparisons. Third, LLM technology evolves rapidly; despite including domestic models such as
DeepSeek, model preferences may change quickly with software updates. Finally, this study focuses on
subjective perceptions and lacks objective quantitative assessments of students’ actual academic
performance or research output following LLM use.

Conclusion
This study demonstrates that LLMs are extensively adopted in medical education, with usage patterns
varying across different training stages. Risk awareness and information evaluation capabilities increase
with educational level. While LLMs can mitigate skill-related pressure, they are less effective in reducing
output pressure imposed by institutional evaluation systems. To maximize the benefits of AI, medical
education should actively integrate LLMs, establish a standardized AI literacy curriculum, define clear
boundaries and ethical guidelines, and implement stage-specific, layered reforms. Such a structured
approach is essential for AI to meaningfully enhance the quality of medical education.
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Large Language Models
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One-way Analysis of Variance
AI
artificial intelligence
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Figure 1
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LLM Application Scenarios among Medical Students across Different Educational Levels
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