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Abstract: The iterative development of generative artificial intelligence (GenAl) and large language models has
enabled them to support multiple aspects of clinical teaching at a functional level, including language support, virtual
consultations, clinical reasoning and feedback support, skills simulation training, and writing and research assistance.
This paper reviews the current status and evidence limitations of these typical application scenarios and proposes a
GenAl governance model suitable for clinical teaching scenarios, considering the high-stakes nature of clinical teaching.
Focusing on issues such as “hallucination” outputs and factual deviations, over-reliance, academic integrity, privacy,
and data security, this paper proposes governance recommendations centered on clarifying responsibility boundaries
and retaining key evidence. It advocates for the establishment of verifiable and correctable processes and regulatory
mechanisms through collaboration between teaching institutions and development platforms, providing a reference for
the standardized evaluation and reliable application of GenAl in clinical teaching.
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1. Introduction

With the rapid development of generative artificial intelligence (GenAl), medical education is undergoing
profound structural changes. Tools based on large language models (LLMs), such as ChatGPT and GPT-
4/5, leverage their capabilities in language understanding, knowledge generation, multimodal processing,
and interactive feedback "', enabling GenAl to rapidly expand its role in clinical teaching from knowledge
retrieval to various levels, including virtual consultations, diagnostic reasoning training, and language
expression assistance *'. This provides medical education with more flexible and scalable technical support.
In the practice of medical education in China, clinical teaching often seeks to balance limited teaching
resources with growing training demands . The scarcity and non-replicability of real clinical scenarios ¥

b

the compression of teaching time by clinical work ©, and the significant differences among learners pose
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challenges to personalized guidance and immediate feedback in case analysis, communication training,
operational skills, and research writing. How to improve training efficiency and feedback density while
ensuring teaching quality remains a key focus for ongoing optimization in clinical teaching.

Thanks to model iteration and improved computing power, GenAl enables these scarce scenarios to be
transformed into scalable teaching support: enhancing the repeatability of consultation and communication training
through contextualized dialogue ''; strengthening clinical thinking training through prompt-based reasoning and
collaborating with simulation platforms such as VR to enable repeatable simulation practice and feedback for
low-frequency, high-risk operations ", However, clinical teaching directly relates to clinical decision-making and
patient safety, with high-stakes tasks throughout the entire process of learning, training, and assessment. GenAl still
poses non-negligible risks in terms of content reliability, learning dependency, academic integrity, and data security
¥l Once erroneous information or misleading reasoning enters the learning chain, its impact may accumulate along
the teaching path and transfer to real clinical scenarios. Therefore, it is essential to clarify usage boundaries based
on the risk level of clinical teaching tasks and establish effective governance mechanisms. Based on this, this
paper systematically reviews the typical application scenarios of GenAl in clinical teaching and their evidence-
based foundations and proposes actionable recommendations at the course and institutional levels regarding safety
boundaries and governance priorities, providing a reference for the standardized and sustainable implementation
of GenAl in clinical teaching.

2. Main applications and limitations of GenAl in clinical teaching

To systematically present the main application methods of GenAl in clinical teaching, this paper categorizes
them into five core scenarios (Table 1) according to the clinical teaching chain and typical tasks. Each
subsection outlines the key functions, existing evidence, and main limitations, providing a basis for

subsequent risk analysis and governance strategies.

Table 1. Overview of the five core dimensions and key characteristics of GenAl clinical teaching applications

Application dimension Typical functions Main teaching value Evidence and limitations

Can assist in medical text understanding
Improves understanding and  and professional expression *’, but high-
expression standardization risk information still carries risks of
mistranslation "

Term explanation; register
conversion; expression
standardization

Language support and
terminology learning

Can improve consultation and
Enhances reasoning training communication training effectiveness,
and practice density but simulation of non-verbal cues
remains insufficient [''"'¥

Dynamic virtual patients;
Virtual consultation structured questioning;
immediate feedback

Can identify knowledge gaps and
Improves learning specificity  support feedback ', but the reasoning
and engagement process is opaque """, and can easily

Learning behavior data

Clinical reasoning and . .
analysis; personalized

personalized feedback

tutorin . . .
ne lead to misleading conclusions !'”
Interpreting complex Improves understanding Can improve understanding and training
Multimodal integration; knowledge; real-world  efficiency; repeated training and efficiency """ but may increase
skill simulation training scenario simulation outcome evaluation for high- cognitive load "**"** and simulation
training risk procedures realism remains limited
Language polishing; Can lower the barrier to writing, but

L Improves writing efficiency and
structural optimization; P g . y
standardization

logic prompts references

Medical writing and

.2 vigilance is needed against fabricated
research training

[23,24]
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Note: This table summarizes the main enabling directions of GenAl in clinical teaching based on a literature review, covering typical
functions, teaching contributions, and risk type indications. For the boundary of graded scenarios and minimum safeguard settings for
different tasks, see Table 2.

2.1. Language support and terminology learning

Medical terminology is highly specialized and context-dependent, with clinical texts often containing
abbreviations, synonymous substitutions, and variations in expression across different scenarios. GenAl can
aid students in understanding professional terminology and enhance the standardization and accuracy of
their expression in medical record reading, ward round reporting, and doctor-patient communication through
terminology explanation, context judgment, and stylistic adjustment “**). Research indicates that LLMs
demonstrate high precision in expressing most medical terms *, but they are still prone to mistranslations

for high-risk information points (such as adverse event terminology, drug names, dates/times) """

2.2. Virtual consultation

Training GenAl-based virtual patient systems can dynamically simulate disease progression, supporting
training in consultation, communication skills, and decision-making thinking """ A controlled study showed
that students trained in GenAl consultations significantly improved their communication scores in the
Objective Structured Clinical Examination (OSCE) by 0.48 standard deviations compared to the control
group *”'. However, current virtual consultations fall short in simulating non-verbal cues such as tone,
facial expressions, and gestures, as well as complex scenarios like conflict communication, limiting their

substitutability for real clinical interactions "*..

2.3. Clinical reasoning and personalized feedback

LLMs extend clinical reasoning training from one-time classroom discussions to a continuous process of
repeatable practice, question closely, and immediate feedback **. By analyzing learning behavior data,
they identify knowledge weaknesses and deliver targeted exercises and feedback """, enabling sustained
personalized learning support in environments with limited teaching resources. However, the convenience
of immediate feedback may induce learners’ reliance on model conclusions, weakening their active thinking

abilities . Additionally, evidence suggests that GenAl may fabricate information when generating initial
differential diagnoses and treatment plans ', leading to potentially misleading conclusions.

2.4. Multimodal integration and skills simulation

Training multimodal large language models (MLLMs) can transform abstract concepts into chart
interpretations, process illustrations, animated explanations, or contextualized case studies, reducing the
cognitive load of single-text learning and improving comprehension efficiency '”\. However, if learners
lack information discrimination abilities, excessive materials may increase cognitive burden and induce
dependence.

At the skills simulation level, the integration of GenAl with virtual reality (VR) breaks through the
temporal and spatial limitations of traditional operational teaching, enabling repeated practice of low-
frequency, high-risk operations in a safe environment with immediate scoring and feedback "'*. Research
shows that a VR training system combining GenAl with haptic feedback reduced clinical operation errors
by 45%, saved 38% in training time, and significantly improved trainee confidence °*. However, existing
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systems still face issues such as task simplification, insufficient coverage of non-technical skills, unrealistic
(31]
to

simulation of haptic and physiological responses, and bulky equipmen
2.5. Academic writing and research training assistance

GenAl can lower the writing threshold and enhance expression standardization through functions such as
grammar correction, paragraph logic optimization, abstract generation, and writing template demonstration
1A survey from West China Medical School revealed that 100% of participants used ChatGPT for English
polishing of academic papers, and 92% used it for real-time translation and grammar correction ", reflecting
its high demand and utilization at the language level. However, GenAl-generated text may still produce

4 When it comes to interpreting research results,

unsourceable factual generation and fictional literature
forming core arguments, and citing references, reliance on original literature and author judgment remains

essential.

3. Risks and dilemmas of GenAl intervention in teaching

GenAl holds application potential in medical education but still faces limitations in content reliability,
learning behavior, ethical norms, and platform accessibility. Given the high-stakes nature of clinical teaching,
related risks need to be managed through graded approaches based on task types (see Table 2).

Table 2. Schematic diagram of five-dimensional applications and three-level risk matrix

s . . . . Medium risk, use with High risk, prohibited or
Application dimension Low risk, directly usable > g P .
constraints mandatory review
Concept explanation, style Case presentation Drug names, dosages, adverse
Language support & ptexp » Sty prese . & ’ £¢s, adver
- . conversion, study note communication scripts, events, and other safety-critical
terminology learning Do . L . .
organization terminology optimization information

Standardized history-taking Differential diagnosis training, Diagnostic/treatment decisions

Virtual consultation training, consultation process complex communication o .
S . and prescription-level advice
rehearsal scenario simulation
.. . . . Personalized learning path Substituting GenAl
Clinical reasoning & Reasoning framework guidance, . gp ne
. . .. recommendation, feedback recommendations for course
personalized feedback knowledge point visualization . .
prompts objectives and evaluations
. . . Basic action decomposition Complex situation response . L .
Multimodal integration & . -omp p . P Directly using simulation results
ar s . . practice, low-risk process rehearsal, simulation . o
skill simulation training e . for practice authorization
familiarization debriefing
. . Grammar correction, paragraph Research proposal Generating conclusive
Medical writing & research rection, paragrap reh propo . § con .
trainin structure optimization, abstract conceptualization, discussion — arguments, generating or citing
& rewriting framework suggestions unverified references

Note: The basis for risk classification is the potential impact of output errors on patient safety and teaching quality, as well as the

difficulty in detecting and correcting these errors.

3.1. Content accuracy and “black box” output risk

GenAl can provide relatively fluent explanations for common questions, but it is prone to generating content
that “appears reasonable but is factually incorrect” when dealing with complex conditions, rare diseases, or
ambiguous questions, known as “hallucination output” "'”. Meanwhile, generative models typically operate
with a “black box” structure, where their internal decision-making logic is opaque and the output lacks
interpretable justification (Figure 1). If students directly accept such outputs, it may weaken their training
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in diagnostic reasoning and evidence chain inference, and hinder the transfer of model-generated content
to real-world clinical scenarios. Therefore, content reliability and interpretability should serve as important
criteria for risk classification and management in high-stakes teaching tasks.

INPUT

Figure 1. Schematic diagram of the “black box” structure of generative artificial intelligence

3.2. Over-reliance and deterioration of learning ability

The application of GenAl can significantly enhance learning efficiency, but frequent use for writing,
translation, and question-answering tasks may weaken students’ abilities in literature search, logical
reasoning, and critical thinking ", In clinical teaching scenarios, if students view GenAl as an “answer
system” rather than a “cognitive scaffold,” their independent reasoning abilities may not be adequately
trained. The combination of high-frequency use and instant feedback may even lead to long-term skill

degradation due to reliance on model conclusions, affecting the transfer to real-world clinical scenarios.

3.3. Academic ethics and data security risks

In writing training and assignment evaluation, GenAl can blur the lines between “assistance” and
“ghostwriting,” leading to issues such as unclear contribution attribution, compromised originality, and
unverifiable citations **!. In scenarios such as case discussions and preparation of teaching materials,
improper handling of real data may also trigger privacy breaches and data security risks P*. These issues are
particularly sensitive in medical education, where the lack of institutionalized rules and audit mechanisms

can quickly accumulate individual violations into compliance risks at the teaching system level.

3.4. Platform accessibility and usage gap

The usability of GenAl is constrained by factors such as platform, computational power, digital literacy, or
regional policies, leading to imbalances in accessibility and resource acquisition among different learners **, which
may accumulate into significant gaps over the long term "%, If courses and assessments lack unified, clear
rules for tool use, learning outcomes may be driven by “tool differences” rather than “ability differences,”
undermining the reliability and validity of evaluations.

4. Governance and implementation pathways for GenAl in clinical teaching

The application of GenAl in clinical teaching is still in a rapid iteration phase, with its capabilities and
reliability fluctuating significantly with changes in models, data, and usage scenarios. Relevant evaluation
evidence and practical experience still need to be continuously accumulated ®”'. Therefore, the governance
goal should not aim for zero risk in the short term but rather focus on bringing risks within a controllable
range and supporting continuous improvement in teaching quality through traceable, verifiable, and
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correctable mechanisms. Based on this, the governance framework should revolve around two main themes:
“clarifying responsibility boundaries” and “ensuring traceability of evidence,” which should be translated
into actionable tasks for teaching units and software development platforms, with traceability information
converted into quality evaluation indicators to support continuous improvement.

For teaching units, the key is to incorporate GenAl use into a procedural and institutionalized
management system. To control implementation costs and maintain cross-course generality, the following
four steps can be followed. First, clarify the responsibility boundaries of various levels, including institutions,
course teams, clinical instructors, and students, in terms of rule-making, operational supervision, application
vetting, deviation correction feedback, and submission of verifiable outputs. Second, identify major risk
points based on task nature (Table 2) and define the usage boundaries and applicability of GenAl. Then,
plan corresponding review nodes and intervention methods in the teaching process. Finally, ensure evidence
traceability at key stages and establish a standardized, verifiable, and accountable mechanism through
sampling inspections, sign-offs, or reviews.

For software development platforms, the focus should be on providing actionable technical support for
the aforementioned governance logic, making evidence retention a default configuration of medical GenAl
systems rather than an additional burden. Platforms can offer structured traceability and auditable record
functions across different application dimensions. For example, supporting security-critical information
verification and uncertainty prompt recording, traceability of reasoning processes, danger item omission
prompts in virtual consultations, preservation of simulation training process data and debriefing records, and
traceability of GenAl use disclosure and fact-checking in writing and research. Table 3 provides specific
summaries of key traceability evidence that should be retained for each dimension, serving as a reference
for aligning platform functionality design with teaching governance requirements, thereby enhancing the
operability and generality of governance measures without significantly increasing the burden on frontline
teaching.

Table 3. Practical recommendations for risk points and key traceability evidence in GenAl clinical teaching

applications

Application dimension Key risk points Evidence to retain for GenAl involvement

1. Safety point verification record (annotated: confirmed / pending confirmation
/ uncertain);
2. Source of reference (specific source/location of textbook/guideline/standard);

Language support & Misleading safety-
terminology learning critical content

1. Key information record (symptoms, signs, etc. that should have been asked /
were asked / were missed);
Omission of 2. Chain of evidence-based reasoning (list evidence — direction — differential
dangerous items sequence);
3. Explanation of uncertainties (contextual boundaries, known conditions, degree
of evidence matching);

Virtual consultation

. . Misleading 1. Reasoning process (evidence — hypothesis — differential ranking);
Clinical reasoning & . T . L .
. conclusions; missing 2. List of uncertainties and followup questions;
personalized feedback . . . . . .
reasoning process 3. Feedback principles, instructor review, and intervention records;
1. Process data summary (mastery of key knowledge, completion rate of critical
Neglect of steps, error types, and frequency);
Multimodal integration & nontechnical skills; 2. Debriefing record (existing problems — causes — corrective strategies —
skills simulation training  overinterpretation of targeted training plan);
simulation scores 3. Statement on assessment nature (formative assessment results are not

equivalent to clinical competence);
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Application dimension Key risk points Evidence to retain for GenAl involvement

1. GenAl use disclosure (which part and to what extent it was used);

Medical writing & Fictitious citations 2. Factchecking record (verification of data, literature sources);
research training and ghostwriting 3. Sourceconclusion alignment (each core conclusion corresponds to a verifiable
source);

Note: Traceability evidence refers to the verification materials that must be retained when GenAl is involved in teaching and training,

used for teachers or supervisors to review, sample, and audit retrospectively.

5. Future development directions

Future efforts should shift from pursuing functional usability to verifying teaching effectiveness and
establish an outcome evaluation system covering knowledge and skill performance, reasoning logic quality,
uncertainty management ability, and long-term retention rates *”. Meanwhile, standardization of process
evidence in teaching should be promoted, making fact-checking, reasoning chains, uncertainty prompts,
and debriefing reports collectible and analyzable teaching outputs. Standardized evidence chains can
support teaching quality monitoring and facilitate the integration of GenAl tools with course platforms, case
libraries, and simulation systems, gradually transforming GenAl from an auxiliary tool into an assessable and

governable teaching infrastructure.

6. Conclusion

GenAl has formed a series of practical applications in multiple aspects of clinical teaching, but its reliability
and risk boundaries still fluctuate with changes in models and scenarios. Therefore, the joint efforts of
teaching units and development platforms are still required. Based on the classification of task risk levels,
both parties should incorporate key evidence traceability into a traceable, verifiable, and correctable
teaching process by clarifying the division of responsibilities in development, supervision, and use, thereby
establishing a unified GenAl application evaluation system. As models and usage boundaries continue to
be calibrated in practice, governance strategies are iteratively updated, and more solid empirical evidence is
gradually accumulated, GenAl is expected to be more stably integrated into routine clinical teaching.
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