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Abstract
Background: The integration of artificial intelligence–generated content (AIGC) tools into academic research offers
transformative potential for enhancing productivity and innovation. However, within the highly regulated and ethically
sensitive medical context, the use of AIGC is accompanied by significant challenges. Medical postgraduates, as the future
vanguard of medical science, play a crucial role in the advancement of digital health, and their intention to use AIGC tools will
significantly influence the use of these emerging technologies in medical research. Despite the growing popularity of AIGC
tools, there remains a paucity of in-depth understanding of the factors driving or hindering medical postgraduates’ intention to
use these tools in academic research. A clear comprehension of these influencing factors is essential to foster the responsible,
effective, and sustainable integration of AIGC into medical research.
Objective: This study aimed to systematically explore the key factors influencing medical postgraduates’ intention to use
AIGC tools in academic research, with the goal of informing strategies to promote their ethical use and enhance scholarly
research capabilities.
Methods: We used a qualitative research design based on grounded theory. Semistructured interviews were conducted with 30
medical postgraduates across diverse specialties, all of whom had prior research experience and familiarity with AIGC tools.
Participants were recruited purposively to ensure diverse perspectives. Data analysis followed a systematic coding process
to inductively develop a conceptual model, which was further structured and interpreted through the theoretical lens of the
Unified Theory of Acceptance and Use of Technology.
Results: Our analysis identified 7 core factors directly shaping usage intention: performance expectancy, effort expectancy,
social influence, facilitating conditions, individual characteristics, task characteristics, and technology characteristics. Further
analysis revealed that performance expectancy acted as a mediating variable in the relationships between both task characteris-
tics and technology characteristics and usage intention. Additionally, social influence moderated the relationship between task
characteristics and performance expectancy. The research findings underscore that, while AIGC tools are valued for assisting
daily research tasks, medical postgraduates’ intention to use them in academic research is influenced by technical deficiencies,
high cognitive load, and the strict ethical risks and data governance requirements in the medical field.
Conclusions: This study constructs a conceptual model aimed at elucidating the influencing factors of medical graduate
students’ intention to use AIGC in academic research. Recommendations derived from the findings include (1) fostering
artificial intelligence literacy and critical competency among medical postgraduates; (2) optimizing AIGC tools to better
address domain-specific needs, accuracy, and security concerns prevalent in health research; and (3) establishing clear
academic supervision and ethical governance mechanisms to ensure responsible use. These measures are essential to harness
the potential of AIGC while safeguarding the rigor and integrity of medical academic research.
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Introduction
Background
As artificial intelligence (AI) technology advances to a new
level, artificial intelligence–generated content (AIGC) tools,
such as ChatGPT, are emerging. These tools are capable of
effectively generating content and comprehending context,
offering robust support for users to rapidly and efficiently
gain knowledge and enhance the productivity and quality of
learning and work. They have also had a significant impact
on the development of many industries. Within the realm of
academic research, AIGC tools have proven to be instrumen-
tal in research design, academic search, data processing, data
analysis, and paper refinement, serving as a vital aid for
researchers [1]. However, the issues of academic integrity,
academic research ethics, and data privacy protection that
AIGC tools introduce have also surfaced [2].

Consequently, how to effectively respond to risks and
ensure the standardization and sustainability of academic
research activities while reasonably using the advantages
brought by AIGC has become a crucial area of investigation
in the field of AIGC-empowered academic research.

Against this background, scholars have carried out a series
of studies on the application of AIGC tools in the field of
academic research, including how AIGC empowers various
disciplines, how it is applied in different academic research
links, and how to deal with the changes brought by AIGC
tools. However, during the literature review process, we
found that this research has not yet conducted an in-depth
analysis of the factors influencing the intention of medical
postgraduates to use AIGC tools in academic research. As
postgraduates are the future backbone of the research team,
cultivating their research abilities is crucial for the develop-
ment of their respective industries. Exploring the factors
influencing their use of AIGC tools in academic research
work will help guide them to use AIGC tools reasonably
to improve their academic research ability and efficiency.
Medical postgraduates are the main force in the realm of
medicine, so their attitudes, needs, and behavioral character-
istics toward AIGC tools will also affect the sustainable
development and promotion of AIGC in the medical field.
Objective
This study will explore the motives, needs, obstacles, and
concerns of medical postgraduates when using AIGC tools in
the academic research process; analyze how different factors
affect medical postgraduates’ intention toward AIGC tools
in academic research; provide a basis for the cultivation of
academic research ability of medical postgraduates; and also
help promote the optimized application of AIGC tools in the
field of medical education and academic research.

Related Studies

Research on the Applications of AIGC Tools in
Academic Research
In the realm of academic research, AIGC tools (such as
ChatGPT and DeepSeek) are increasingly gaining widespread
attention. These tools, with their ability to simulate human
intelligence, can efficiently process and generate a wide range
of content, offering new possibilities for scientific practice.

Research has shown that ChatGPT can significantly
enhance research efficiency by rapidly searching and
organizing a vast amount of literature, which can effectively
reduce the time researchers spend on collecting materials
[3]. Moreover, AIGC tools can provide researchers with new
perspectives and pathways for research due to their powerful
capabilities for resource acquisition and analysis [4-6]. In
academic writing, AIGC tools also play a significant role in
improving the standardization and quality of articles [7,8]. In
the field of medical research, AIGC tools have demonstrated
potential applications in assisting with medical text writing
[9], image analysis [10], and disease diagnosis and treatment
[11,12].

Despite the significant advantages that AIGC tools
provide in academic research, they also contribute to certain
limitations and potential risks. Some studies have pointed out
that when conducting literature reviews, AIGC tools may lack
autonomy and cannot independently generate new ideas [4].
Besides, AIGC tools may fail to effectively distinguish the
reliability of information and potentially introduce inaccurate
or misleading data, which could pose a threat to research
quality and academic integrity [13,14]. Additionally, AIGC
tools face multiple challenges, including data bias, informa-
tion leakage, and ethical issues. Particularly in data analysis,
as researchers’ dependence on AI increases, it may further
undermine the independence of academic research [15].

In the medical field, academic research involves a large
amount of sensitive data, which directly relates to patients’
health and safety. Therefore, ensuring privacy protection
and ethical considerations in medical research is particu-
larly critical [2,16]. Given the characteristics of medical
research, the precision, credibility, and security of AIGC tools
must undergo rigorous testing and evaluation. Consequently,
exploring how to reasonably and safely apply AIGC tools
in medical research to ensure the accuracy, completeness,
and academic integrity of studies, while fully safeguarding
patient privacy and data security, has become an urgent and
important issue that needs to be addressed.

Research on the Factors Influencing the
Intention to Use AIGC Tools
The intention to use AIGC is a prerequisite for its widespread
application. Scholars have explored the acceptance, adoption,
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and intention to use AIGC tools through various methods and
theoretical models.

Some studies have used the Technology Acceptance
Model to reveal the factors influencing different user groups’
intention to use AIGC tools. It has been found that perceived
risk, perceived usefulness, perceived ease of use, and attitude
toward technology play important roles in the adoption of
ChatGPT [17]. Other studies have mentioned that intention
to use is significantly influenced by personal ability, social
influence, perceived usefulness of AI, enjoyment, trust in AI
intelligence, positive attitude, and metacognitive self-regula-
ted learning [18]. Studies based on the Unified Theory of
Acceptance and Use of Technology (UTAUT) model have
further expanded the research perspective. Relevant studies
have shown that performance expectancy, social influence,
and effort expectancy significantly affect the intention to use
ChatGPT, while facilitating conditions do not have a direct
relationship with usage intention [19]. Menon and Shilpa
[20] found that the 4 core factors of UTAUT (performance
expectancy, effort expectancy, social influence, and facilitat-
ing conditions) and 2 extended factors (perceived interactivity
and privacy concerns) can effectively explain user interac-
tions with ChatGPT. Tao et al [21], based on the UTAUT
model, added 3 factors: perceived risk, resistance bias, and
personal innovativeness, and found that these factors are
significantly positively correlated with the intention to use
AI chatbots.

In addition, research has increasingly focused on the
student perspective, analyzing the factors influencing the
use of AIGC tools in different educational contexts. Some
studies have found that students’ perceived value of ChatGPT
significantly affects their intention to use it, with perceived
usefulness, perceived enjoyment, and perceived cost being
important factors influencing perceived value. Moreover,
studies have shown that students with higher levels of AI
literacy have a higher acceptance of AIGC tools [22]. A
study on medical students’ intention to use ChatGPT in an
interdisciplinary programming course analyzed influencing
factors from 4 aspects: individual (such as learning motiva-
tion), technology (such as tool reliability), information (such
as content accuracy), and environment (such as teaching
support) [23].

Despite the fact that existing research has analyzed the
intention to use AIGC and its influencing factors from
multiple angles, previous research has paid less attention to
the factors influencing the use of AIGC by medical postgrad-
uates in academic research. As medical postgraduates are the
main force in medical research and practice, their acceptance
and intention to use AIGC will directly affect the long-term
development of AIGC in the medical field. Therefore, this
study takes medical postgraduates as the research object and
explores their applications of AIGC in academic research and
the influencing factors.

Methods
Study Design
Currently, research on the factors influencing the use of
AIGC tools in academic research activities has yet to
establish a mature theoretical model, variables, or scales.
Therefore, this study uses the classic grounded theory
proposed by Glaser et al [24] as the research methodol-
ogy. Grounded theory, as an inductive qualitative research
approach, is dedicated to constructing robust theories from
empirical data. By coding the collected raw data and
conducting multiple continuous comparisons, this method
enables researchers to maintain a high degree of theoret-
ical sensitivity throughout the evolution of concepts and
categories, thereby uncovering the factors that influence the
use of AIGC tools by medical postgraduates in academic
research.

In accordance with the aforementioned research approach,
the study design is based on the following five steps:

1. Based on the pre-established theoretical framework,
this study has devised a sampling strategy to ensure
the inclusion of medical postgraduates with extensive
clinical experience and diverse perspectives.

2. Research participants are capable of providing
comprehensive information regarding the phenomenon
under investigation, which facilitates researchers’
in-depth understanding.

3. Data collection and analysis will be conducted
concurrently until new information no longer contrib-
utes to the expansion of the theory, that is, until data
saturation is achieved.

4. As theoretical insights become progressively clearer,
the data collection strategy may be correspondingly
adjusted.

5. Through continuous comparison, integration, and
reflection, the study ultimately constructs a theoretical
model grounded in empirical data.

Participant Recruitment
Participants were selected according to the following criteria:
(1) postgraduates in medical-related fields with research
experience and systematic academic research training;
(2) familiarity with and prior use of AIGC tools; and
(3) voluntary participation, fluent communication skills,
independent thinking ability, and intention to provide detailed
information.

Recruitment was conducted through three channels: (1)
advertisements posted in WeChat groups and on WeChat
Moments; (2) snowball sampling, where initial participants
referred other eligible individuals; and (3) outreach via
platforms such as Zhihu, Weibo, and Rednote.

The sample size of 30 medical postgraduates was
determined based on the principle of “information power,”
prioritizing depth and diversity over numerical representative-
ness. To capture a wide range of experiences, the purposive
sampling strategy ensured variation in key dimensions such
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as gender, disciplinary background (eg, internal medicine,
surgery, basic sciences), and stage of research training.
Data Collection
Semistructured interviews served as the primary data
collection method. The interview outline was developed in
three stages: (1) drafting based on prior research and the
UTAUT theory; (2) revision through discussions with 2
researchers experienced in AIGC tool application; and (3)
pilot testing with 5 users, followed by refinement based on
feedback.

The UTAUT was used as the foundational framework
for this study. Although UTAUT was originally developed
to explain technology acceptance in organizational settings
[25], its core constructs, including performance expectancy,
effort expectancy, social influence, and facilitating condi-
tions, are broadly applicable to individual-level technology
adoption across various domains. In the context of academic
research, these constructs align closely with the key drivers of
technology use among postgraduate researchers, who must
balance efficiency, effort, peer influence, and institutional
support when integrating new tools into their workflows.

Each interview lasted 30 to 40 minutes. With participants’
consent, all interviews were audio-recorded. Recordings were
then transcribed verbatim to form the raw textual data for
analysis. All participants provided informed consent and
agreed to the anonymous use of their quotes.
Data Analysis
Prior to the coding of the interview data, a rigorous screen-
ing process was conducted based on two main criteria: (1)
the clarity of the descriptions and (2) the relevance of the
descriptions to the topic. This process was completed by CW
and HQ, and they also integrated similar descriptions for
subsequent analysis. To ensure comprehensive familiarity and
sensitivity to the data, the researchers repeatedly read through
the transcripts and descriptions, thereby minimizing the risk
of losing key information. This study followed the 3-step
coding process (open coding, axial coding, and selective
coding) proposed by Venkatesh et al [25] for qualitative
analysis and assessed the stability of the coding results
through a theoretical saturation test. The specific analysis
process is as follows:

1. Open coding: The raw data were initially organized
and semantically deconstructed. Basic conceptual units
were extracted through line-by-line coding. Research-
ers employed the constant comparative method to
conceptually annotate the original sentences, forming
an initial category system through multiple rounds of
classification and integration.

2. Axial coding: Based on the primary categories formed
from open coding, category relational analysis was

used to identify potential logical relationships. Through
dimensional comparison and attribute induction, a
hierarchical structure among categories was established,
ultimately constructing a main category framework
with explanatory logic.

3. Selective coding: Theoretical integration was conducted
around the core category, systematically sorting out the
logical relationships between the main categories and
the core category. A theoretically consistent framework
was formed through storyline analysis.

4. Theoretical saturation verification: Saturation was
confirmed through an iterative process of data
collection and analysis. After initial coding of the
majority of interviews, a sample addition method was
employed, where approximately 10% of new transcripts
were sequentially analyzed. Theoretical saturation was
deemed reached when these new samples no longer
yielded novel categories, properties, or significant
relationships but merely reinforced the existing coding
structure. The entire analytical process was strength-
ened by researcher triangulation (independent coding
and consensus discussions) and peer review to enhance
the reliability and validity of the findings.

LW and XZ coded the interview texts separately, and any
coding discrepancies throughout the process were resolved
through discussion between LW and XZ. If consensus could
not be reached, CW acted as an arbitrator to determine the
coding results. Data analysis was supported by NVivo 11.0
software.

Ethical Considerations
The participants of this study were master’s and doctoral
students in medical schools. The interviews were conducted
face-to-face, and informed consent was obtained. Before the
interviews, the contents of the informed consent form and
the outline of the interview were read to the participants, and
all participants provided signed the informed consent form.
Participants were compensated with 50 RMB (US $7.33)
for their time. The Institutional Review Board of Peking
University approved the informed consent form and the full
research proposal (IRB00001052-24025).

Results
Study Sample
The participants in this study consisted of 30 medical
postgraduates, including 18 (60%) female participants and
12 (40%) male participants from diverse medical majors.
All participants had academic research experience and were
familiar with AIGC tools, with prior usage experience. Table
1 shows the demographic characteristics of all participants.
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Table 1. Demographic characteristics.
Category Value, n (%)
Gender
  Male 12 (40)
  Female 18 (60)
Specialty
  Clinical medicine 10 (33.3)
  Basic medicine 6 (20)
  Preventive medicine 6 (20)
  Pharmaceutical sciences 5 (16.7)
  Nursing science 3 (10)
Frequency of AIGCa tool usage
  Daily use 20 (66.7)
  Weekly use 8 (26.7)
  Use when need 2 (6.7)
Academic research experience
  1‐2 years 2 (6.67)
  2‐3 years 7 (23.3)
  3 years and more 21 (70)

aAIGC: artificial intelligence–generated content.

Influencing Factors Model Framework of
Usage Intention
Based on grounded theory and integrated with the UTAUT
model theoretical framework to enhance theoretical explana-
tory logic, this study constructed a usage intention influencing
factors model for medical postgraduates’ use of AIGC tools

in academic research. The model comprehensively considers
7 dimensions: performance expectancy, effort expectancy,
social influence, facilitating conditions, individual charac-
teristics, task characteristics, and technology characteristics
(Figure 1), aiming to holistically reveal the key factors
affecting medical postgraduates’ effective use of AIGC tools
for academic research activities.

Figure 1. Model framework for the influencing factors of medical postgraduates’ usage intention of artificial intelligence–generated content (AIGC)
tools in academic research.

Performance Expectancy
Performance expectancy refers to an individual’s anticipated
work effectiveness and benefits after using a particular tool

or technology [26], which consists of 2 key components:
academic research performance and academic innovation.
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In terms of academic research performance, AIGC tools
can assist users in literature collection, materials reading,
data processing, and paper writing, reducing time costs and
enhancing research quality. Moreover, AIGC tools’ capabili-
ties in text polishing and academic translation can enhance
article standardization and scientific rigor. These functions
enhance users’ performance expectancy, thereby increasing
medical postgraduates’ intention and frequency of using
AIGC tools.

When writing articles, my expressions might not be
professional enough and the results may not be ideal
due to a lack of extensive reading of a large number
of literature. In this regard, using AIGC can help me
improve my writing quality. [P 2]

Regarding academic innovation, AIGC tools can help
researchers expand research ideas, discover new research
questions, and meet personalized research needs. The study
found that over half of respondents recognized AIGC tools’
role in expanding ideas in interdisciplinary or emerging
research fields. However, some users pointed out limita-
tions in providing innovative solutions, and the feasibility
of generated solutions requires improvement. This indicates
that AIGC tools’ innovation capability needs optimization to
better meet the innovation demands of high-level academic
research.

If I want to write a certain type of paper, I usually ask
it to help broaden my ideas and perspectives. It might
provide me with some new sparks. [P 15]

Effort Expectancy
Effort expectancy refers to the perceived difficulty level that
users associate with using a particular system [25], consisting
of 2 concepts: use threshold and cognitive load.

Use threshold includes AIGC tools’ interface design
clarity and operational simplicity and intuitiveness, which
influence user experience. Well-designed and easy-to-use
AIGC tools can significantly enhance usage intention.
Conversely, requiring users to repeatedly familiarize
themselves with tool functions increases operational burden
and reduces efficiency, thereby diminishing the desire to
continue use.

The main obstacle to using AIGC is the setting of
prompts for questions. During the questioning process,
AIGC often misinterprets your meaning, and you have
to keep making adjustments to get what you want. [P
11]

Cognitive load refers to the attention and cognitive
efforts medical postgraduates invest when using AIGC tools,
encompassing energy expended in understanding operational
logic, screening and judging generated content, and effec-
tively integrating generated content with research projects.
Cognitive load increases with operational complexity or
content processing difficulty. When the cognitive load

exceeds the tolerable range, it reduces medical postgraduates’
intention to use AIGC tools.

After using AIGC to generate code, I have to spend a
lot of time debugging and optimizing it before applying
results to my research project. This process is more
complex than expected, which wears down my patience
and enthusiasm, so I rarely use it now. [P 23]

Social Influence
Social influence refers to the degree to which users are
influenced by the surrounding environment and people when
using technology or services [25]. This category compri-
ses 2 concepts: academic research environment attitude and
academic ethics and norms.

In the academic research environment, team members’
acceptance of new technologies and their recognition of
usage outcomes directly affect individuals’ usage intention.
Conversely, other respondents noted that due to supervisors’
or team members’ reservations about using AIGC tools, they
reduced their usage frequency.

Many labs around me purchase AIGC tool member-
ships for their students. After trying them out, we
recommended AIGC tools to each other and generally
think that they were very practical. [P 3]

Moreover, academic ethics and norms constitute an
important dimension. When using AIGC tools, respondents
may worry about potential risks related to academic integ-
rity and copyright. Additionally, regulations from academic
research ethics committees or academic journals regarding
AIGC use can constrain usage intention. Although some
respondents believe that using AIGC tools for noncore
content creation, such as literature reviews, is less likely to
cause academic disputes, most still avoid or cautiously use
directly generated content in paper writing due to concerns
about intellectual property rights and plagiarism issues.

I felt that it is still in a gray area in terms of research
ethics. We are worried about the ethics of using AIGC
tools and what ethical usage guidelines exist. Special
attention must also be paid to academic integrity. [P 6]

Facilitating Conditions
In this study, facilitating conditions refer to the social
resource support and policy promotion for AIGC tools.

This study found that insufficient resource support restricts
the widespread use of AIGC tools among medical postgrad-
uates. Interview results reveal that lack of resource support
manifests in 2 aspects: first, the absence of specialized
courses makes it difficult for users to obtain systematic
guidance and training, affecting their ability to master and use
AIGC tools. Second, the low level of resource popularization
results in limited coverage of AIGC tools.
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I learned about a database at our school last year.
They were trying to use embedded AIGC to assist with
writing. But it hasn't been implemented yet because the
school needed to spend extra money to purchase it. [P
10]

In terms of policy support, the main problems include
the imperfection of laws and regulations and restrictions
from ethical norms. Relevant laws on AI use are still being
improved, meaning users face certain legal risks when using
AIGC tools. In the medical field, policy attitudes toward
AIGC tools are more cautious. In addition, using AIGC to
assist in creation may lead to intellectual property infringe-
ment risks, further limiting the application of AIGC tools.

The Medical AI Clinical Application Guidelines issued
by the National Health Commission last year partic-
ularly emphasized data desensitization. When using
AIGC for case analysis, we must pass hospital ethics
review to avoid crossing the red line. [P 26]

Individual Characteristics
Individual characteristics refer to medical postgraduates’
personal traits influencing their use of AIGC tools. This
category includes 3 concepts: professional background,
technology sensitivity, and knowledge reserves.

Interview results show that academic background affects
respondents’ enthusiasm and necessity for using AIGC tools.
For instance, clinical postgraduates, who need to keep up with
cutting-edge technologies, are more inclined to use AIGC
tools for literature search and new knowledge acquisition.
In contrast, postgraduates majoring in traditional Chinese
medicine focus more on traditional textbooks and ancient
medical texts, thus having a relatively lower usage frequency
of AIGC tools. This difference indicates that academic
background not only determines the need for AIGC tools but
also affects acceptance and frequency.

As a pharmaceutical science student, I believe that
AIGC tools are very useful in predicting drug interac-
tions, generating individualized medication regimens,
and analyzing multidimensional pharmacovigilance
data. [P 30]

Moreover, respondents with higher sensitivity to technol-
ogy are more willing to try using AIGC tools and can better
use their functions.

I have a keen interest in AI technology, so I always try
out new AI tools. [P 1]

However, over half of respondents mentioned that when
answering medical professional questions, AIGC tools may
lack accuracy and comprehensiveness, which requires further
verification. Consequently, individuals’ knowledge reserves
significantly impact AIGC tool use. Students with rich
knowledge reserves can more efficiently use the information
provided by AIGC tools and accurately judge and verify

results. Conversely, students with insufficient knowledge may
find it difficult to distinguish generated information and lose
interest in using AIGC tools.

Generally, when I ask exploratory questions, I already
possess some understanding or background knowledge
in that field. When GPT provides an answer, I can
judge its reliability based on my existing knowledge. [P
9]

Task Characteristics
Task characteristics refer to research task traits that influ-
ence medical postgraduates’ use of AIGC tools, directly
affecting usage intention and indirectly influencing it through
performance expectancy and social influence. This category is
divided into 2 concepts: task type and task complexity.

Medical postgraduates selectively use AIGC tools to
enhance work efficiency based on academic research task
type and difficulty. Most respondents tend to use AIGC
tools for language expression optimization tasks, as they
can effectively improve text quality and assist in present-
ing results. However, when confronted with highly special-
ized academic research tasks like R language programming,
some respondents indicated that they would not prioritize
AIGC tools. This is due to their subpar performance in
such scenarios and sometimes failing to complete tasks, thus
struggling to meet academic research needs.

My main use of AIGC functions related to academic
research is writing, not generating text, but letting it
help polish my writing. Additionally, I use it to assist
with literature search, such as quickly grasping the
key points, experimental methods, and conclusions of a
paper, saving significant time. [P 18]

Moreover, respondents are more inclined to use AIGC
tools for simple tasks (such as literature search and transla-
tion), which can significantly improve efficiency and reduce
repetitive work. However, for tasks involving creativity or
high specialization, the output of AIGC tools may not
be satisfactory, which makes medical postgraduates more
cautious in their use.

In scientific illustration, AI remains deficient, particu-
larly in medical illustration which demands meticulous
attention to detail. AI appears currently incapable of
fully replacing human operation in this field. [P 19]

It is evident that simple or specific tasks directly prompt
medical postgraduates to use AIGC tools. Moreover, task
type and complexity affect performance expectancy regard-
ing task success. Simple tasks, due to minimal difficulty,
lead medical postgraduates to anticipate that AIGC tools
can complete them with ease and efficiency. For specific
research tasks, medical postgraduates evaluate task charac-
teristics to determine whether they fall within the scope
where AIGC tools can effectively function. This evalua-
tion forms performance expectancy regarding task objective
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achievement, subsequently enabling them to assess the
applicability of AIGC tools and decide whether to use them.

Based on varying performance expectancy arising from
different task characteristics, medical postgraduates priori-
tize research tasks where the use of AIGC tools can yield
expected benefits, such as efficient completion and high-qual-
ity outcomes. Thus, task characteristics influence perform-
ance expectancy, which in turn affects usage intention.
Performance expectancy plays a mediating role between task
characteristics and usage intention.

I had extensive sarcopenia data but didn't know how to
analyze it. I threw the problem and data at the AIGC
tool and it listed many research directions. I felt these
directions could provide inspiration, ultimately helping
me determine my research direction. [P 7]

In addition, depending on task characteristics, social
influence modulates its effect on performance expectancy,
further influencing the intensity of medical postgraduates’
use of AIGC tools in academic research. For tasks with
varying characteristics, positive social influences (eg, strong
recommendations from supervisors, successful peer experien-
ces, and extensive media coverage) can reinforce medical
postgraduates’ perception that AIGC tools enable efficient
and high-quality task completion or alleviate concerns about
using such tools. This strengthens the positive impact of task
characteristics on performance expectancy, thereby promoting
the use of AIGC tools for research among medical postgrad-
uates. Conversely, negative social influences (eg, authorita-
tive voices highlighting ethical risks or shared experiences
of errors and malfunctions) can undermine medical postgra-
duates’ confidence in AIGC tool reliability. These influen-
ces raise doubts about the quality and efficiency of using
AIGC for research tasks, subsequently lowering performance
expectancy, which may lead to reduced frequency and scope
of using AIGC tools in academic research.

When discussing ideas generated by ChatGPT with
clinical classmates, they mentioned that these ideas
might not be applicable in clinical settings and could
not accurately satisfy clinical needs. Therefore, I
feel that the ideas provided by ChatGPT are more
academic, but I would not widely use them in clinical
practice. [P 29]

Technology Characteristics
Technology characteristics refer to AIGC tool traits that
influence medical postgraduates’ use of AIGC tools,
consisting of 3 key components: technical deficiencies,
privacy, and security.

Regarding privacy protection, some respondents explicitly
expressed concerns about privacy risks associated with AIGC
tools and demonstrated caution in actual use.

If I send some patient data to it, I’m unsure how it
will use this data, or whether others might access it for
unknown purposes. I’m uncomfortable with that. [P 20]

In terms of technical deficiencies, interview results show
that AIGC tools perform poorly in complex mathematical
calculations, updating knowledge in specialized fields, and
maintaining coherence in multiturn dialogues.

For highly specialized knowledge, GPT may not
provide satisfactory responses and lacks a particular
preference for medical terms. In fact, I believe it still
falls short in professional domains such as cohort
study, control design, and epidemiology. [P 12]

It is evident that technology characteristics serve as
external factors influencing medical postgraduates’ use
of AIGC tools for research, directly shaping usage inten-
tion. When privacy concerns arise or AIGC tools fail
to ensure generated output quality due to inherent techni-
cal flaws, medical postgraduates tend to avoid using such
tools. Additionally, regarding indirect influence, perform-
ance expectancy plays a mediating role between technol-
ogy characteristics and usage intention. Variations in the
accuracy, security, and other technological attributes of AIGC
tools affect respondents’ anticipated outcomes regarding
their ability to achieve research objectives with these
tools. If technology characteristics lead medical postgradu-
ates to believe that tools can effectively facilitate research
and deliver expected results, performance expectancy rises,
prompting them to choose AIGC tools. Conversely, if
technology characteristics undermine their confidence in
achieving research goals, performance expectancy declines,
thereby suppressing usage intention.

When looking up background information and general
theories, GPT provides good responses. However,
for the latest research findings in highly specialized
academic papers, the information provided is some-
times inaccurate and insufficient. Then I'll think relying
on it to finish research tasks might not yield good
results. So, I prefer looking up literature myself, as it
is more reliable. [P 16]

Discussion
Key Findings
Through semistructured interviews and grounded theory
analysis, this study systematically explored the motivations,
needs, obstacles, and concerns of medical postgraduates
in using AIGC tools for academic research. The findings
indicate that their motivation primarily stems from perform-
ance expectancy, such as improving research efficiency,
assisting in paper writing, and expanding research ideas.
Obstacles to use include effort expectancy (eg, high use
thresholds and cognitive load) and deficiencies in technol-
ogy characteristics (eg, insufficient coverage of professio-
nal knowledge and poor coherence in multiturn dialogues).
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Additionally, academic ethics and norms, including aca-
demic integrity, data privacy, and copyright risks, constitute
significant social concerns that considerably constrain their
intention to use these tools.

The study further identified 7 key influencing factors
that directly shape medical postgraduates’ AIGC usage
intention: performance expectancy and effort expectancy are
the core internal drivers, while social influence and facil-
itating conditions serve as crucial external environmental
and supporting factors that promote the functioning of the
aforementioned elements by providing external support and
convenience; individual characteristics, task characteristics,
and technology characteristics differentially influence tool
selection, depth of use, and trust.

Regarding the underlying mechanisms, the study found
that performance expectancy mediates the relationship
between task and technology characteristics and usage
intention. This indicates that the features of tasks and
technology indirectly influence usage intention by shap-
ing performance expectancy. Furthermore, social influence
moderates the relationship between task characteristics and
performance expectancy, ultimately affecting the intensity
with which medical postgraduates use AIGC tools in
academic research. Based on these findings, the study
integrates individual, task, and technology factors into
the UTAUT theoretical framework, constructing a more
comprehensive and discipline-specific model to explain
AIGC usage intention among medical postgraduates.
Influencing Factors
Consistent with prior literature [20], performance expectancy
is a primary determinant of usage intention. AIGC capabil-
ities in literature processing, data organization, and manu-
script refinement enhance research efficiency and output
quality, thereby reinforcing usage intention. However, these
tools’ capacity to support high-level academic innovation
remains limited, highlighting a need for further technological
optimization [27,28].

Effort expectancy is a critical determinant of usage
intention [29]. Well-designed, user-friendly tools signifi-
cantly enhance usage intention, while repeatedly familiariz-
ing oneself with functions or adjusting prompts increases
operational burden and reduces efficiency, thereby diminish-
ing continued usage intention. Due to professional terminol-
ogy and structured logic characteristics in medical research,
medical postgraduates typically face higher initial learning
thresholds [30,31]. In contrast, students in fields such as
computer science or humanities may find AIGC tools more
aligned with their natural language processing or creative
writing tasks [32,33].

Social influence significantly affects usage intention [34,
35]. Within research teams, usage is shaped by the atti-
tudes of peers and supervisors; endorsement fosters usage,
while skepticism acts as a deterrent. Beyond interperso-
nal influence, strict adherence to academic integrity and
copyright standards constrains the use of AIGC in formal
writing. Furthermore, the medical research environment

is characterized by rigorous ethical oversight and institu-
tional review boards, exerting stronger normative pressure
compared to the more flexible, innovation-driven cultures of
engineering and design [36-40].

Facilitating conditions influence usage intention [41,
42]. Key constraints include insufficient resource support
and imperfect policies. Risks related to data privacy
and intellectual property further restrict the usage in
formal research. Moreover, medical postgraduates face more
stringent data governance and ethical oversight (eg, Health
Insurance Portability and Accountability Act, General Data
Protection Regulation) [43,44], creating higher compliance
barriers compared to fields like engineering where resource
access and policy environments are more supportive [16].

Individual characteristics significantly influence AIGC
usage intention. Consistent with prior research, academic
background shapes perceived necessity and frequency of
use, while higher technology sensitivity correlates with
increased usage intention and functional mastery [45,46]. A
user’s knowledge reserve is critical for effectively verify-
ing and utilizing AIGC outputs; insufficient knowledge
can undermine trust and discourage continued use [47].
Notably, the professional identity of medical postgraduates
instills a distinct skepticism compared to creative disciplines,
prioritizing diagnostic accuracy and evidence reliability over
generative convenience [48].

Task characteristics directly impact usage intention [49,50]
and indirectly affect it through performance expectancy and
social influence. Users are more inclined to use AIGC in
routine tasks like literature search and language polishing,
while remaining cautious in creative or highly specialized
tasks. Additionally, unlike nonmedical disciplines, medical
research tasks often involve multimodal data integration,
longitudinal study designs, and strict ethical protocols, but
AIGC tools’ limited capabilities in areas such as clinical trial
design [51] or diagnostic image interpretation [52] inhibit
usage intention.

Technology characteristics directly impact usage intention
[46,53] and indirectly affect it via performance expectancy.
Limitations such as insufficient domain knowledge depth,
complex calculation errors, and data privacy risks directly
limit tool use and reduce performance expectancy, prompting
users to adopt cautious strategies like data anonymization
or selective avoidance. Notably, the strict patient confiden-
tiality and regulatory requirements in health care environ-
ments make privacy issues more prominent, making medical
postgraduates more inclined to use localized or secure AIGC
solutions [54,55].
Measures and Suggestions

Fostering AI Literacy Among Medical
Postgraduates
To effectively navigate the opportunities and risks presen-
ted by AI technologies in the medical field, prioritizing the
enhancement of AI literacy among medical postgraduates
is imperative [56]. Consequently, strengthening AI literacy
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education and ensuring the regulated and effective use of
AIGC tools are critical objectives. On one hand, practical
competencies in using AIGC tools should be cultivated
through the development of AI-related curricula and the
integration of open educational resources. Specific focus
areas include mastering prompt engineering and critically
evaluating information credibility; furthermore, engagement
in AIGC-assisted medical research projects can deepen
students’ understanding of AI applications [31,57]. On the
other hand, educators must guide postgraduates to reflect
on the societal implications of AIGC [58,59]. It is essen-
tial to foster a profound understanding of ethical principles,
including transparency, fairness, nonmaleficence, account-
ability, and privacy protection, and to clarify liability
attribution in AI-involved medical decision-making to ensure
compliance with medical ethical standards.

Optimizing AIGC Service
Our findings indicate that AIGC usage intention among
medical postgraduates is impeded by information inaccur-
acies, data latency, operational complexity, and security
concerns. To enhance research utility, AIGC tools could
integrate medical knowledge graphs and develop special-
ized large models to improve domain-specific comprehen-
sion. AIGC connection with literature databases enables
rapid screening and summary of medical literature, assisting
medical postgraduates in staying up to date with cutting-edge
research. Moreover, integrating AIGC tool functions and
simplifying processes reduces usage barriers and cognitive
load. Technical measures like encryption and anonymization
protect data security, ensuring ethical compliance and data
security [60].

Establishing an Academic Research
Supervision Mechanism
While promoting AIGC technological innovation, regula-
tory principles balancing encouragement of innovation and
prudent evaluation should be adopted, implementing tiered
regulation based on application scenarios and risk levels
in medical research. For AIGC applications involving core
data, implementing identity verification and generation record
trails is essential to ensure traceability and patient pri-
vacy. To prevent academic misconduct, institutions should
enforce strict ethical reviews and mandate the disclosure of
AIGC use in research outcomes [61]. Furthermore, using
AI detection tools to screen research results and identify
violations, while developing and refining industry standards

and regulations to clarify application boundaries, responsi-
ble entities, and regulatory requirements, provides action
guidelines for medical researchers, thereby enhancing the role
of AIGC tools in medical research.
Limitations
This study has certain limitations. On the one hand, the
sample size is relatively small and is limited to med-
ical postgraduates. On the other hand, while the pro-
posed influencing factor model is theoretically plausible, it
remains untested through systematic empirical validation and
statistical verification, which constitutes a key limitation of
this study.
Conclusion and Future Research
This study adopts the grounded theory qualitative research
paradigm for analysis and constructs an influencing factor
model of medical postgraduates’ usage intention regarding
AIGC tools in academic research based on the UTAUT
model. The logical relationships and mechanisms of the
influencing factors are analyzed, thereby deepening the
understanding of medical postgraduates’ experiences and
perceptions of AIGC tools and addressing gaps in the existing
literature. The research results indicate that performance
expectancy, effort expectancy, social influence, facilitating
conditions, individual characteristics, task characteristics, and
technology characteristics directly or indirectly affect the
usage intention of medical postgraduates toward AIGC tools
in academic research.

To support the responsible and effective integration of
such emerging technologies into medical research ecosys-
tems, we propose targeted strategies: fostering AI literacy
among medical postgraduates, optimizing AIGC services to
meet domain-specific needs, and establishing robust academic
supervision mechanisms. These recommendations aim to
provide practical guidance for enhancing the constructive
role of AIGC in advancing medical research while upholding
academic rigor and ethical standards.

Considering the limitations of existing research, future
research could include more participants to enhance the
general applicability of the findings. On the other hand, the
study could incorporate questionnaire data and experiments to
combine quantitative and qualitative methods, gather richer
data, and analyze more deeply, validating mediating and
moderating effects and clarifying the specific mechanisms
behind them.

Acknowledgments
The authors would like to thank the students who participated in the interviews. No generative artificial intelligence tool was
used in the preparation of this manuscript.
Funding
This work was supported by the National Social Science Fund of China (24FTQB020), National Education Science Planning
Project (EIA250448), and University-Industry Collaborative Education Program (2409030210).
Data Availability

JOURNAL OF MEDICAL INTERNET RESEARCH Wang et al

https://www.jmir.org/2026/1/e77928 J Med Internet Res 2026 | vol. 28 | e77928 | p. 10
(page number not for citation purposes)

https://www.jmir.org/2026/1/e77928


The datasets generated during or analyzed during this study are available from the corresponding author upon reasonable
request.
Authors’ Contributions
Conceptualization: HQ
Data curation: CW(lead), LW (equal), XZ (equal)
Investigation: HQ
Methodology: CW
Project administration: HQ (lead), CW (equal)
Visualization: XZ (lead), LW (supporting)
Writing – original draft: CW(lead), LW (supporting), XZ (supporting)
Writing – review & editing: HQ (lead), CW (supporting)
Conflicts of Interest
None declared.
References
1. Sabzalieva E, Valentini A. ChatGPT and artificial intelligence in higher education: quick start guide. UNESCO and

UNESCO Institute for Higher Education in Latin America and the Caribbean; 2023. URL: https://hub.
teachingandlearning.ie/wp-content/uploads/2024/03/ChatGPT-and-artificial-intelligence-in-higher-education-quick-start-
guide.pdf [Accessed 2025-12-08]

2. Messeri L, Crockett MJ. Artificial intelligence and illusions of understanding in scientific research. Nature. Mar
2024;627(8002):49-58. [doi: 10.1038/s41586-024-07146-0] [Medline: 38448693]

3. Gordijn B, Have HT. ChatGPT: evolution or revolution? Med Health Care Philos. Mar 2023;26(1):1-2. [doi: 10.1007/
s11019-023-10136-0] [Medline: 36656495]

4. Najafali D, Camacho JM, Reiche E, Galbraith LG, Morrison SD, Dorafshar AH. Truth or lies? The pitfalls and
limitations of ChatGPT in systematic review creation. Aesthet Surg J. Jul 15, 2023;43(8):NP654-NP655. [doi: 10.1093/
asj/sjad093] [Medline: 37018119]

5. Purewal A, Fautsch K, Klasova J, Hussain N, D’Souza RS. Human versus artificial intelligence: evaluating ChatGPT’s
performance in conducting published systematic reviews with meta-analysis in chronic pain research. Reg Anesth Pain
Med. Feb 16, 2025:rapm-2024-106358. [doi: 10.1136/rapm-2024-106358] [Medline: 39956557]

6. Farhat S, De la Fuente Hagopian A, Hooda K, Le HB, Echo A. Chatting up the next big thing: generating novel ideas for
systematic reviews in breast reconstruction research using Chat-GPT. Cureus. Jun 2024;16(6):e61955. [doi: 10.7759/
cureus.61955] [Medline: 38978943]

7. Gupta R, Park JB, Bisht C, et al. Expanding cosmetic plastic surgery research with ChatGPT. Aesthet Surg J. Jul 15,
2023;43(8):930-937. [doi: 10.1093/asj/sjad069] [Medline: 36943815]

8. Najafali D, Hinson C, Camacho JM, Galbraith LG, Gupta R, Reid CM. Can chatbots assist with grant writing in plastic
surgery? Utilizing ChatGPT to start an R01 grant. Aesthet Surg J. Jul 15, 2023;43(8):NP663-NP665. [doi: 10.1093/asj/
sjad116] [Medline: 37082940]

9. Qiu L, Tang C, Bi X, Burtch G, Chen Y, Zhang H. Physician use of large language models: a quantitative study based on
large-scale query-level data. J Med Internet Res. Aug 25, 2025;27:e76941. [doi: 10.2196/76941] [Medline: 40854236]

10. Hwang WY, Nurtantyana R, Purba SWD, Hariyanti U, Indrihapsari Y, Surjono HD. AI and recognition technologies to
facilitate English as foreign language writing for supporting personalization and contextualization in authentic contexts. J
Educ Comput Res. Sep 2023;61(5):1008-1035. [doi: 10.1177/07356331221137253]

11. Shao L, Chen B, Zhang Z, Zhang Z, Chen X. Artificial intelligence generated content (AIGC) in medicine: a narrative
review. Math Biosci Eng. Jan 2, 2024;21(1):1672-1711. [doi: 10.3934/mbe.2024073] [Medline: 38303483]

12. Yousif M, van Diest PJ, Laurinavicius A, et al. Artificial intelligence applied to breast pathology. Virchows Arch. Jan
2022;480(1):191-209. [doi: 10.1007/s00428-021-03213-3] [Medline: 34791536]

13. Dogru-Huzmeli E, Moore-Vasram S, Phadke C, Shafiee E, Amanullah S. Evaluating ChatGPT’s ability to simplify
scientific abstracts for clinicians and the public. Sci Rep. Sep 29, 2025;15(1):33466. [doi: 10.1038/s41598-025-11086-8]
[Medline: 41022954]

14. Williamson SM, Prybutok V. Balancing privacy and progress: a review of privacy challenges, systemic oversight, and
patient perceptions in AI-driven healthcare. Appl Sci. 2024;14(2):675. [doi: 10.3390/app14020675]

15. Xie ZH, Li W, Yu W. Exploring the usage demands of AIGC functions among Chinese researchers: a study based on the
KANO model. Inf Dev. Sep 2025;41(3):766-780. [doi: 10.1177/02666669241313369]

16. Wang C, Zhu Y, Zhang X, et al. Areas of research focus and trends in the research on the application of AIGC in
healthcare. J Health Popul Nutr. Jun 14, 2025;44(1):195. [doi: 10.1186/s41043-025-00947-7] [Medline: 40517271]

JOURNAL OF MEDICAL INTERNET RESEARCH Wang et al

https://www.jmir.org/2026/1/e77928 J Med Internet Res 2026 | vol. 28 | e77928 | p. 11
(page number not for citation purposes)

https://hub.teachingandlearning.ie/wp-content/uploads/2024/03/ChatGPT-and-artificial-intelligence-in-higher-education-quick-start-guide.pdf
https://hub.teachingandlearning.ie/wp-content/uploads/2024/03/ChatGPT-and-artificial-intelligence-in-higher-education-quick-start-guide.pdf
https://hub.teachingandlearning.ie/wp-content/uploads/2024/03/ChatGPT-and-artificial-intelligence-in-higher-education-quick-start-guide.pdf
https://doi.org/10.1038/s41586-024-07146-0
http://www.ncbi.nlm.nih.gov/pubmed/38448693
https://doi.org/10.1007/s11019-023-10136-0
https://doi.org/10.1007/s11019-023-10136-0
http://www.ncbi.nlm.nih.gov/pubmed/36656495
https://doi.org/10.1093/asj/sjad093
https://doi.org/10.1093/asj/sjad093
http://www.ncbi.nlm.nih.gov/pubmed/37018119
https://doi.org/10.1136/rapm-2024-106358
http://www.ncbi.nlm.nih.gov/pubmed/39956557
https://doi.org/10.7759/cureus.61955
https://doi.org/10.7759/cureus.61955
http://www.ncbi.nlm.nih.gov/pubmed/38978943
https://doi.org/10.1093/asj/sjad069
http://www.ncbi.nlm.nih.gov/pubmed/36943815
https://doi.org/10.1093/asj/sjad116
https://doi.org/10.1093/asj/sjad116
http://www.ncbi.nlm.nih.gov/pubmed/37082940
https://doi.org/10.2196/76941
http://www.ncbi.nlm.nih.gov/pubmed/40854236
https://doi.org/10.1177/07356331221137253
https://doi.org/10.3934/mbe.2024073
http://www.ncbi.nlm.nih.gov/pubmed/38303483
https://doi.org/10.1007/s00428-021-03213-3
http://www.ncbi.nlm.nih.gov/pubmed/34791536
https://doi.org/10.1038/s41598-025-11086-8
http://www.ncbi.nlm.nih.gov/pubmed/41022954
https://doi.org/10.3390/app14020675
https://doi.org/10.1177/02666669241313369
https://doi.org/10.1186/s41043-025-00947-7
http://www.ncbi.nlm.nih.gov/pubmed/40517271
https://www.jmir.org/2026/1/e77928


17. Sallam M, Salim NA, Barakat M, et al. Assessing health students’ attitudes and usage of ChatGPT in Jordan: validation
study. JMIR Med Educ. Sep 5, 2023;9:e48254. [doi: 10.2196/48254] [Medline: 37578934]

18. Dahri NA, Yahaya N, Al-Rahmi WM, et al. Extended TAM based acceptance of AI-powered ChatGPT for supporting
metacognitive self-regulated learning in education: a mixed-methods study. Heliyon. Apr 30, 2024;10(8):e29317. [doi:
10.1016/j.heliyon.2024.e29317] [Medline: 38628736]

19. Sobaih AEE, Elshaer IA, Hasanein AM. Examining students’ acceptance and use of ChatGPT in Saudi Arabian higher
education. Eur J Investig Health Psychol Educ. Mar 17, 2024;14(3):709-721. [doi: 10.3390/ejihpe14030047] [Medline:
38534908]

20. Menon D, Shilpa K. “Chatting with ChatGPT”: analyzing the factors influencing users’ intention to use the Open AI’s
ChatGPT using the UTAUT model. Heliyon. Nov 2023;9(11):e20962. [doi: 10.1016/j.heliyon.2023.e20962] [Medline:
37928033]

21. Tao W, Yang J, Qu X. Utilization of, perceptions on, and intention to use AI chatbots among medical students in China:
national cross-sectional study. JMIR Med Educ. Oct 28, 2024;10:e57132. [doi: 10.2196/57132] [Medline: 39466038]

22. Al-Abdullatif AM, Alsubaie MA. ChatGPT in learning: assessing students’ use intentions through the lens of perceived
value and the influence of AI literacy. Behav Sci (Basel). Sep 19, 2024;14(9):845. [doi: 10.3390/bs14090845] [Medline:
39336060]

23. Wang C, Xiao C, Zhang X, et al. Exploring medical students’ intention to use of ChatGPT from a programming course: a
grounded theory study in China. BMC Med Educ. Feb 8, 2025;25(1):209. [doi: 10.1186/s12909-025-06807-6] [Medline:
39923098]

24. Corbin JM, Strauss AL. Basics of Qualitative Research: Techniques and Procedures for Developing Grounded Theory.
Sage; 2008. ISBN: 9781412906449

25. Venkatesh V, Morris MG, Davis GB, Davis FD. User acceptance of information technology: toward a unified view. MIS
Q. Sep 1, 2003;27(3):425-478. [doi: 10.2307/30036540]

26. Ma Y, Zhou M, Yu W, et al. Using the Unified Theory of Acceptance and Use of Technology (UTAUT) and e-health
literacy (e-HL) to investigate the tobacco control intentions and behaviors of non-smoking college students in China: a
cross-sectional investigation. BMC Public Health. Apr 25, 2023;23(1):765. [doi: 10.1186/s12889-023-15644-5]
[Medline: 37098499]

27. Li X, Guo H, Li D, Zheng Y. Engine of innovation in hospital pharmacy: applications and reflections of ChatGPT. J
Med Internet Res. Oct 4, 2024;26:e51635. [doi: 10.2196/51635] [Medline: 39365643]

28. Temsah MH, Alruwaili AR, Al-Eyadhy A, Temsah AA, Jamal A, Malki KH. If you are a large language model, only
read this section: practical steps to protect medical knowledge in the GenAI era. Int J Health Plann Manage. Jan
2026;41(1):276-281. [doi: 10.1002/hpm.70026] [Medline: 41006953]

29. Jain R, Garg N, Khera SN. Adoption of AI-enabled tools in social development organizations in India: an extension of
UTAUT model. Front Psychol. 2022;13:893691. [doi: 10.3389/fpsyg.2022.893691] [Medline: 35795409]

30. Sarangi PK, Panda BB, P S, Pattanayak D, Panda S, Mondal H. Exploring radiology postgraduate students’ engagement
with large language models for educational purposes: a study of knowledge, attitudes, and practices. Indian J Radiol
Imaging. Jan 2025;35(1):35-42. [doi: 10.1055/s-0044-1788605] [Medline: 39697505]

31. Simoni J, Urtubia-Fernandez J, Mengual E, et al. Artificial intelligence in undergraduate medical education: an updated
scoping review. BMC Med Educ. Nov 17, 2025;25(1):1609. [doi: 10.1186/s12909-025-08188-2] [Medline: 41250109]

32. López-Fernández D, Vergaz R. ChatGPT in computer science education: a case study on a database administration
course. Appl Sci. 2025;15(2):985. [doi: 10.3390/app15020985]

33. Encheva A, van Es K, Nguyen D. Relational dynamics at the intersection of technology and higher education:
perspectives on GenAI use among humanities master’s students. Learn Media Technol. Nov 26, 2025:1-16. [doi: 10.
1080/17439884.2025.2578625]

34. Budhathoki T, Zirar A, Njoya ET, Timsina A. ChatGPT adoption and anxiety: a cross-country analysis utilising the
Unified Theory of Acceptance and Use of Technology (UTAUT). Stud High Educ. May 3, 2024;49(5):831-846. [doi: 10.
1080/03075079.2024.2333937]

35. Polyportis A, Pahos N. Understanding students’ adoption of the ChatGPT chatbot in higher education: the role of
anthropomorphism, trust, design novelty and institutional policy. Behav Inf Technol. Jan 20, 2025;44(2):315-336. [doi:
10.1080/0144929X.2024.2317364]

36. Pifarre-Esquerda F, Esquerda M, Garcia-Cuyas F. Research ethics for AI in healthcare: how, when and who. AI Soc.
Aug 2025;40(6):4299-4308. [doi: 10.1007/s00146-025-02198-w]

37. Coleman CH, Khadem A, Reeder JC, Sillo HB, Gaspar R, Reis A. A World Health Organization tool for assessing
research ethics oversight systems. Bull World Health Organ. Jun 1, 2025;103(6):403-409. [doi: 10.2471/BLT.24.292219]
[Medline: 40511399]

JOURNAL OF MEDICAL INTERNET RESEARCH Wang et al

https://www.jmir.org/2026/1/e77928 J Med Internet Res 2026 | vol. 28 | e77928 | p. 12
(page number not for citation purposes)

https://doi.org/10.2196/48254
http://www.ncbi.nlm.nih.gov/pubmed/37578934
https://doi.org/10.1016/j.heliyon.2024.e29317
http://www.ncbi.nlm.nih.gov/pubmed/38628736
https://doi.org/10.3390/ejihpe14030047
http://www.ncbi.nlm.nih.gov/pubmed/38534908
https://doi.org/10.1016/j.heliyon.2023.e20962
http://www.ncbi.nlm.nih.gov/pubmed/37928033
https://doi.org/10.2196/57132
http://www.ncbi.nlm.nih.gov/pubmed/39466038
https://doi.org/10.3390/bs14090845
http://www.ncbi.nlm.nih.gov/pubmed/39336060
https://doi.org/10.1186/s12909-025-06807-6
http://www.ncbi.nlm.nih.gov/pubmed/39923098
https://doi.org/10.2307/30036540
https://doi.org/10.1186/s12889-023-15644-5
http://www.ncbi.nlm.nih.gov/pubmed/37098499
https://doi.org/10.2196/51635
http://www.ncbi.nlm.nih.gov/pubmed/39365643
https://doi.org/10.1002/hpm.70026
http://www.ncbi.nlm.nih.gov/pubmed/41006953
https://doi.org/10.3389/fpsyg.2022.893691
http://www.ncbi.nlm.nih.gov/pubmed/35795409
https://doi.org/10.1055/s-0044-1788605
http://www.ncbi.nlm.nih.gov/pubmed/39697505
https://doi.org/10.1186/s12909-025-08188-2
http://www.ncbi.nlm.nih.gov/pubmed/41250109
https://doi.org/10.3390/app15020985
https://doi.org/10.1080/17439884.2025.2578625
https://doi.org/10.1080/17439884.2025.2578625
https://doi.org/10.1080/03075079.2024.2333937
https://doi.org/10.1080/03075079.2024.2333937
https://doi.org/10.1080/0144929X.2024.2317364
https://doi.org/10.1007/s00146-025-02198-w
https://doi.org/10.2471/BLT.24.292219
http://www.ncbi.nlm.nih.gov/pubmed/40511399
https://www.jmir.org/2026/1/e77928


38. Khaw LL. Engineering PhD students’ perception and experience with ChatGPT in research communication: pedagogical
insights. Innov Educ Teach Int. 2025:1-17. [doi: 10.1080/14703297.2025.2530766]

39. Zhu Z, Ren Y, Shen A ran. Exploring the acceptance of generative artificial intelligence-assisted learning and design
creation among students in art design specialties: based on the extended TAM model. Educ Inf Technol. Aug
2025;30(13):18651-18678. [doi: 10.1007/s10639-025-13551-3]

40. Chura-Quispe G, Estrada-Araoz EG, Ayay-Arista G, Cuja-Quiac S, Ascona-Garcia PP, Cruz-Laricano EO. Measuring
student receptivity to ChatGPT in higher education: a case study from Peru. Online J Commun Media Technol.
2025;15(4):e202532. [doi: 10.30935/ojcmt/17380]

41. Huangfu J, Li R, Xu J, Pan Y. Fostering continuous innovation in creative education: a multi-path configurational
analysis of continuous collaboration with AIGC in Chinese ACG educational contexts. Sustainability. 2025;17(1):144.
[doi: 10.3390/su17010144]

42. Kaufmann R, Vallade JI, Frisby BN, Martin JC. A trend examination of course policy and message framing for student
GenAI. Interact Learn Environ. 2025;16:1-17. [doi: 10.1080/10494820.2025.2588209]

43. Ng MY, Helzer J, Pfeffer MA, Seto T, Hernandez-Boussard T. Development of secure infrastructure for advancing
generative artificial intelligence research in healthcare at an academic medical center. J Am Med Inform Assoc. Mar 1,
2025;32(3):586-588. [doi: 10.1093/jamia/ocaf005] [Medline: 39836496]

44. Farah M, Helou S, Raad E, El Helou E. Data protection and information security in biomedical research: a sequential
explanatory mixed study. Int J Med Inform. Dec 2024;192:105635. [doi: 10.1016/j.ijmedinf.2024.105635] [Medline:
39306909]

45. Laupichler MC, Aster A, Meyerheim M, Raupach T, Mergen M. Medical students’ AI literacy and attitudes towards AI:
a cross-sectional two-center study using pre-validated assessment instruments. BMC Med Educ. Apr 10, 2024;24(1):401.
[doi: 10.1186/s12909-024-05400-7] [Medline: 38600457]

46. Li WY. A study on factors influencing designers’ behavioral intention in using AI-generated content for assisted design:
perceived anxiety, perceived risk, and UTAUT. Int J Hum Comput Interact. Jan 17, 2025;41(2):1064-1077. [doi: 10.
1080/10447318.2024.2310354]

47. Li X, Shen L, Ren X. Explore the fashion industry’s behavioral intention to use artificial intelligence generated content
tools based on the UTAUT model. Int J Hum Comput Interact. Aug 18, 2025;41(16):10285-10300. [doi: 10.1080/
10447318.2024.2432759]

48. Nguyen T. ChatGPT in medical education: a precursor for automation bias? JMIR Med Educ. Jan 17, 2024;10:e50174.
[doi: 10.2196/50174] [Medline: 38231545]

49. Kim JS, Kim M, Baek TH. Enhancing user experience with a generative AI chatbot. Int J Hum Comput Interact. Jan 2,
2025;41(1):651-663. [doi: 10.1080/10447318.2024.2311971]

50. Kim D, Kim S, Kim S, Lee BH. Generative AI characteristics, user motivations, and usage intention. J Comput Inf Syst.
2025;16:1-16. [doi: 10.1080/08874417.2024.2442438]

51. Shin E, Bhat AG, Ramanathan M. Large language models for clinical trial protocol assessments. Clin Pharmacol Ther.
Feb 2026;119(2):393-402. [doi: 10.1002/cpt.70096] [Medline: 41121745]

52. Saraiva MM, Ribeiro T, Agudo B, et al. Evaluating ChatGPT-4 for the interpretation of images from several diagnostic
techniques in gastroenterology. J Clin Med. Jan 17, 2025;14(2):572. [doi: 10.3390/jcm14020572] [Medline: 39860582]

53. Tao W, Gao S, Yuan Y. Boundary crossing: an experimental study of individual perceptions toward AIGC. Front
Psychol. 2023;14:1185880. [doi: 10.3389/fpsyg.2023.1185880] [Medline: 37151339]

54. Lee D, Vaid A, Menon KM, et al. Using large language models to automate data extraction from surgical pathology
reports: retrospective cohort study. JMIR Form Res. Apr 7, 2025;9:e64544. [doi: 10.2196/64544] [Medline: 40194317]

55. Cirkel L, Lechner F, Henk LA, et al. Large language models for dermatological image interpretation - a comparative
study. Diagnosis (Berl). 2025;13(1):75-81. [doi: 10.1515/dx-2025-0014] [Medline: 40420705]

56. Jiang J. Marathon without a finish line: a learner’s perspective on AI in medical education. Acad Med. Sep 1,
2025;100(9S Suppl 1):S43-S45. [doi: 10.1097/ACM.0000000000006100] [Medline: 40456136]

57. Zheng L, Xiao Y. Refining AI perspectives: assessing the impact of AI curricular on medical students’ attitudes towards
artificial intelligence. BMC Med Educ. Jul 25, 2025;25(1):1115. [doi: 10.1186/s12909-025-07669-8] [Medline:
40713579]

58. Ning Y, Teixayavong S, Shang Y, et al. Generative artificial intelligence and ethical considerations in health care: a
scoping review and ethics checklist. Lancet Digit Health. Nov 2024;6(11):e848-e856. [doi: 10.1016/S2589-
7500(24)00143-2] [Medline: 39294061]

59. Zhou W, Zhu X, Han QL, et al. The security of using large language models: a survey with emphasis on ChatGPT.
IEEE/CAA J Autom Sinica. 2025;12(1):1-26. [doi: 10.1109/JAS.2024.124983]

JOURNAL OF MEDICAL INTERNET RESEARCH Wang et al

https://www.jmir.org/2026/1/e77928 J Med Internet Res 2026 | vol. 28 | e77928 | p. 13
(page number not for citation purposes)

https://doi.org/10.1080/14703297.2025.2530766
https://doi.org/10.1007/s10639-025-13551-3
https://doi.org/10.30935/ojcmt/17380
https://doi.org/10.3390/su17010144
https://doi.org/10.1080/10494820.2025.2588209
https://doi.org/10.1093/jamia/ocaf005
http://www.ncbi.nlm.nih.gov/pubmed/39836496
https://doi.org/10.1016/j.ijmedinf.2024.105635
http://www.ncbi.nlm.nih.gov/pubmed/39306909
https://doi.org/10.1186/s12909-024-05400-7
http://www.ncbi.nlm.nih.gov/pubmed/38600457
https://doi.org/10.1080/10447318.2024.2310354
https://doi.org/10.1080/10447318.2024.2310354
https://doi.org/10.1080/10447318.2024.2432759
https://doi.org/10.1080/10447318.2024.2432759
https://doi.org/10.2196/50174
http://www.ncbi.nlm.nih.gov/pubmed/38231545
https://doi.org/10.1080/10447318.2024.2311971
https://doi.org/10.1080/08874417.2024.2442438
https://doi.org/10.1002/cpt.70096
http://www.ncbi.nlm.nih.gov/pubmed/41121745
https://doi.org/10.3390/jcm14020572
http://www.ncbi.nlm.nih.gov/pubmed/39860582
https://doi.org/10.3389/fpsyg.2023.1185880
http://www.ncbi.nlm.nih.gov/pubmed/37151339
https://doi.org/10.2196/64544
http://www.ncbi.nlm.nih.gov/pubmed/40194317
https://doi.org/10.1515/dx-2025-0014
http://www.ncbi.nlm.nih.gov/pubmed/40420705
https://doi.org/10.1097/ACM.0000000000006100
http://www.ncbi.nlm.nih.gov/pubmed/40456136
https://doi.org/10.1186/s12909-025-07669-8
http://www.ncbi.nlm.nih.gov/pubmed/40713579
https://doi.org/10.1016/S2589-7500(24)00143-2
https://doi.org/10.1016/S2589-7500(24)00143-2
http://www.ncbi.nlm.nih.gov/pubmed/39294061
https://doi.org/10.1109/JAS.2024.124983
https://www.jmir.org/2026/1/e77928


60. Arora A, Wagner SK, Carpenter R, Jena R, Keane PA. The urgent need to accelerate synthetic data privacy frameworks
for medical research. Lancet Digit Health. Feb 2025;7(2):e157-e160. [doi: 10.1016/S2589-7500(24)00196-1] [Medline:
39603900]

61. Costa ICP, Nascimento MCD, Treviso P, et al. Using the chat generative pre-trained transformer in academic writing in
health: a scoping review. Rev Lat Am Enfermagem. 2024;32:e4194. [doi: 10.1590/1518-8345.7133.4194] [Medline:
38922265]

Abbreviations
AI: artificial intelligence
AIGC: artificial intelligence–generated content
UTAUT: Unified Theory of Acceptance and Use of Technology

Edited by Alicia Stone; peer-reviewed by Fumitoshi Fukuzawa, Kun Huang; submitted 22.May.2025; final revised version
received 12.Feb.2026; accepted 12.Feb.2026; published 01.May.2026

Please cite as:
Wang C, Wang L, Zhang X, Qi H
The Influencing Factors of Medical Postgraduates’ Usage Intention Toward Artificial Intelligence–Generated Content Tools
in Academic Research: Qualitative Analysis
J Med Internet Res 2026;28:e77928
URL: https://www.jmir.org/2026/1/e77928
doi: 10.2196/77928

© Chen Wang, Liu Wang, Xuejiao Zhang, Huiying Qi. Originally published in the Journal of Medical Internet Research
(https://www.jmir.org), 01.May.2026. This is an open-access article distributed under the terms of the Creative Commons
Attribution License (https://creativecommons.org/licenses/by/4.0/), which permits unrestricted use, distribution, and reproduc-
tion in any medium, provided the original work, first published in the Journal of Medical Internet Research (ISSN 1438-8871),
is properly cited. The complete bibliographic information, a link to the original publication on https://www.jmir.org/, as well as
this copyright and license information must be included.

JOURNAL OF MEDICAL INTERNET RESEARCH Wang et al

https://www.jmir.org/2026/1/e77928 J Med Internet Res 2026 | vol. 28 | e77928 | p. 14
(page number not for citation purposes)

https://doi.org/10.1016/S2589-7500(24)00196-1
http://www.ncbi.nlm.nih.gov/pubmed/39603900
https://doi.org/10.1590/1518-8345.7133.4194
http://www.ncbi.nlm.nih.gov/pubmed/38922265
https://www.jmir.org/2026/1/e77928
https://doi.org/10.2196/77928
https://www.jmir.org
https://creativecommons.org/licenses/by/4.0/
https://www.jmir.org/
https://www.jmir.org/2026/1/e77928

	The Influencing Factors of Medical Postgraduates’ Usage Intention Toward Artificial Intelligence–Generated Content Tools in Academic Research: Qualitative Analysis
	Introduction
	Background
	Objective
	Related Studies

	Methods
	Study Design
	Participant Recruitment
	Data Collection
	Data Analysis
	Ethical Considerations

	Results
	Study Sample
	Influencing Factors Model Framework of Usage Intention
	Performance Expectancy
	Effort Expectancy
	Social Influence
	Facilitating Conditions
	Individual Characteristics
	Task Characteristics
	Technology Characteristics

	Discussion
	Key Findings
	Influencing Factors
	Measures and Suggestions
	Limitations
	Conclusion and Future Research



