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Abstract

Background: Large language model (LLM) artificial intelligence (Al) tools have the potential to streamline health care
administration by enhancing efficiency in document drafting, resource allocation, and communication tasks. Despite this potential,
the adoption of such tools among hospital administrators remains understudied, particularly at the individual level.

Objective: This study aims to explore factors influencing the adoption and use of LLM Al tools among hospital administrators
in China, focusing on enablers, barriers, and practical applicationsin daily administrative tasks.

Methods: A multicenter, cross-sectional, descriptive qualitative design was used. Data were collected through semistructured
face-to-face interviews with 31 hospital administrators across 3 tertiary hospitalsin Beijing, Shenzhen, and Chengdu from June
2024 to August 2024. The Colaizzi method was used for thematic analysis to identify patterns in participants’ experiences and
perspectives.

Results: Adoption of LLM Al tools was generally low, with significant site-specific variations. Participants with higher
technological familiarity and positive early experiences reported more frequent use, while barriers such asmistrust in tool accuracy,
limited prompting skills, and insufficient training hindered broader adoption. Tools were primarily used for document drafting,
with limited exploration of advanced functionalities. Participants strongly emphasized the need for structured training programs
and ingtitutional support to enhance usability and confidence.

Conclusions: Familiarity with technology, positive early experiences, and openness to innovation may facilitate adoption, while
barriers such as limited knowledge, mistrust in tool accuracy, and insufficient prompting skills can hinder broader use. LLM Al
toolsare now primarily used for basic tasks such as document drafting, with limited application to more advanced functionalities
due to a lack of training and confidence. Structured tutorials and institutional support are needed to enhance usability and
integration. Targeted training programs, combined with organizational strategies to build trust and improve accessibility, could
enhance adoption rates and broaden tool use. Future quantitative investigations should validate the adoption rate and influencing
factors.
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Introduction

Methods

Large language model (LLM) artificial intelligence (Al) tools
have gained widespread attention across variousindustries[1-3].
Tools such as ChatGPT and their counterparts developed in
Chinahave demonstrated the ahility to interpret textual contexts
and respond effectively to user prompts [4]. These tools are
increasingly used for tasks such as content generation and
answering queries and demonstrate potential in professional
environments [5-7].

In health care administration, hospital administrators manage
tasks such as document creation, resource allocation, and
communication asdaily routines, all of which require efficiency
and precision. LLM Al tools present opportunitiesto streamline
tasks by providing instant feedback, easy accessto information,
and improved language suggestions [8,9]. These tools have
garnered interest among administrators seeking to enhance
personal productivity [5]. However, the complexity of
administrativeroles, especialy inlargeingtitutions, posesunique
challenges. Administrators often navigate intricate schedules,
analyze data, and manage operational demands, whereas LLM
Al tools can aid in finding relevant information and generating
structured reports[10,11]. Despite such potential benefits, users
in China have shown varied interest in adopting these
technologies [12,13].

LLM Al toolsaretransforming health care by enhancing clinical
decision-making, streamlining workflows, and improving patient
outcomes [14,15]. However, most existing studies focus on
clinical applications or formal integration into organizational
workflows, leaving a gap in understanding individual-level
adoption among administrators[8,16-18]. Personal factors, such
as technological confidence, play acritical role in shaping the
willingness to use digital tools [19-21]. While early adopters
have stressed both enablersand barriersto using LLM Al tools,
thereislimited evidence exploring such experiences within the
administrative context [22-24].

Descriptive qualitative research offers a valuable approach to
uncovering the reasons behind the adoption or avoidance of
LLM Al toolsin administrators’ daily routines [25,26]. Unlike
formal organizational protocols, individua adoption often occurs
at a persona pace, influenced by preferences, concerns, and
specific task requirements. This study focuses on understanding
everyday use rather than official implementation, providing
insightsinto the practical enablersand obstacles administrators
face.

By examining user experiences among hospital administrators
in multiple hospitals in China, this study addresses a critical
knowledge gap. The findings can illustrate how LLM Al tools
areintegrated into day-to-day routines or why they arerejected,
offering actionableinsightsfor technol ogy developersand policy
makers. Theresults caninform strategiesto better align Al tools
with user needs and preferences and lay the groundwork for
future research and broader adoption efforts.

https://www.jmir.org/2025/1/€70789

Study Settings

The study was conducted across 3 tertiary hospitalsin different
regions of China, selected for their geographic diversity and
varied institutional characteristics.

Oneleading tertiary hospital in Beijing (site 1), the capital city,
the country’s political center, and one of the cities with an
abundance of health care resources, 1 tertiary hospital in
Shenzhen (site 2) on the eastern coast of China, acity renowned
for technol ogical innovation and rapid moderni zation but known
to bein arelative shortage of health care resources, and another
tertiary hospital in Chengdu (site 3), Southwest China, which
is the regional center in terms of economic development and
health care.

Sites 1 and 2 are comprehensive care providers and site 3 is
specialized in woman and child health care. All 3 hospitals serve
abroad mix of urban and rural populationsand reflect abalance
between traditional practices and modern approaches to health
care management. This diversity in settings alowed the study
to capture awide range of perspectiveson the adoption of LLM
Al tools in administrative contexts.

Participant Roles

Participants were hospital administrators engaged in operational
and administrative roles, including department managers and
coordinators. We excluded clinical staff and senior hospital
leadersto focus on middle-level administratorsdirectly involved
in routine decision-making and task management. \We excluded
frontline clinical staff to concentrate solely on administrative
perspectives and omitted senior hospital leaders because their
strategic roles and varied workflows differ significantly from
those of middle-level administrators.

Study Design

We used a multicenter, cross-sectional, descriptive qualitative
design to exploretheindividual-level adoption of LLM Al tools
among hospital administrators. This design was chosen for its
ability to capture detailed, context-specific insights into
participants’ lived experiences and perceptions, which allowed
for flexibility in exploring factors influencing the adoption or
rejection of LLM Al tools. The multicenter and cross-sectional
elements ensured diverse perspectives across different
geographic and institutional contexts[27].

Time Frame

Data collection was conducted from June 11 to August 16, 2024,
across al sites.

Study Organization

The study was organized collaboratively acrossthe 3 sites. Each
hospital had a local principal investigator responsible for
participant recruitment and data collection. The local principal
investigators were trained through web-based workshops to
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ensure methodological standardization and consistency. A
unified interview guide, developed and piloted collectively by
the principal investigators, was used across all sites. Regular
web-based meetings were held every 2 weeks to review
progress, discuss data anaysis, address methodological
challenges, and promote reflexivity to ensure the rigor of the
study.

Sampling Strategy

Purposive sampling was used to recruit participantswith relevant
experiences. This method allowed the inclusion of participants
with varied adoption behaviors, including those who stopped
using the tools after initia trials. The following criteria were
used to select participants.

Inclusion Criteria
The inclusion criteriawere as follows:

« Aged 26-60 years.

- Both sexes were acceptable.

- Active involvement in administrative decision-making or
operations and at least 1 year of work experience in
administrative roles.

« ExposuretoLLM Al tools: Havingused at least 1 LLM Al
tool at least once (even if they discontinued use).

«  Willingness to provide informed consent.

Exclusion Criteria
The exclusion criteriawere as follows:

+ Individuals without any exposureto LLM Al tools.

«  Senior leadersor frontlineclinical staff, astheir rolesdiffer
significantly from the study's focus.

« Inability to provide consent.

Efforts were made to ensure the diversity of participants. In
addition to roles such as department managers, coordinators,
and frontline administrative staff to ensure that diverse
administrative functions were reflected, diversities in terms of
age, sex, work experience, education level, and experience in
using LLM Al tools were considered when enrolling
participants.

Table 1. Levelsof participant’s familiarity of LLM2AIP tools.

Chenet a

Sample Size

The sample size was determined using the data saturation
principle [28]. For this multisite study, data saturation was
considered achieved on a per-site basis, when no new themes
or insightsemerged from subsequent interview transcriptsduring
analysis. The achievement of data saturation was collectively
assessed during theregular principal investigator meetingsusing
aniterative analysisprocess. Local transcriptswere continuously
reviewed during the meetings. Once the emergent themes or
insi ghts became repetitive and no new information was obtained
at a given site, we considered that site to have achieved data
saturation. This site-specific approach was adopted to
accommodatelocal contextual differences observed throughout
the interview process.

Recruitment Process

Local principal investigators selected and invited participants
through direct outreach using their knowledge of the
administrative structures and personnel at their respective sites.

Data Collection

Face-to-face semistructured interviews were conducted to collect
data. Thistechnique allowed researchers to probe participants
responses and capture insights by fostering rapport and
encouraging participantsto share their experiences openly [28].

Theinterview guide was collaboratively developed and piloted
by the local principal investigators to ensure consistency and
relevance. Key domainsincluded participants’ experienceswith
LLM Al tools, perceived benefits and challenges, and reasons
for adoption or rejection. Notably, the interviews incorporated
guestions designed to assess participants levels of familiarity
with LLM Al tools and their frequency of use, as defined in
Tables 1 and 2, respectively.

Each interview lasted approximately 30-45 minutes and was
conducted in Mandarin Chinese. With participants consent,
interviewswere audio-recorded and transcribed verbatim within
48 hours by the local principal investigators to ensure accuracy
and timeliness for data analysis. Field notes were taken during
or immediately after theinterviewsto capture contextual details,
nonverbal cues, and any additional observations that could
enrich the data (Multimedia Appendix 1).

Level of familiarity Definition

Participant demonstrates astrong understanding of LLM Al tools, including advanced features and applications;

has used the tool s for multipletasks, such as content generation, report drafting, or dataanalysis; and is confident

Participant has afunctional understanding of LLM Al toolsand has used them for basic tasks such as answering

gueries or drafting simple documents; and is familiar with common functionalities but may not fully explore

Participant haslimited exposureto LLM Al tools, typically using them only afew times; and may not understand

the full potential of the tools and rely on basic functions such as casual querying or one-off tasks.

High
in navigating and using the tools without assistance.
Medium
advanced features.
Low
None

Participant has attempted use of LLM Al tools but refused or discontinue using them after initial attempts.

3 _LM: large language model.
bAl: artificial intelligence.

https://www.jmir.org/2025/1/€70789
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Table 2. Levels of participant’s frequency of LLM2AIP tool use.
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Level of frequency of use Definition

Frequent

Participant usesLLM Al toolsasaregular part of their daily or weekly administrative tasks; and integrates

the toolsinto their workflow and consistently relies on them for efficiency.

Occasional

Participants uses LLM Al tools sporadically, typically when prompted by specific needs or tasks, and

useisless habitual and more task-driven.

Rare

Participant uses LLM Al toolsinfrequently; and useis minimal to none.

3 _LM: large language model.
BAI: artificial intelligence.

Data Analysis

The Colaizzi method was used for thematic anaysis. This
method was chosen for its structured and systematic approach,
which ensuresthat the findings remain grounded in participants
experiences while allowing for the extraction of meaningful
themes [29]. The steps of analysis are as follows: the research
team read the transcripts multiple times to gain an in-depth
understanding of the participants’ narratives. Key statements
directly related to the research objectives were identified.
Significant statements were interpreted to extract underlying
meanings, ensuring that they aligned with participants
perspectives. Related meanings were grouped into broader
themes, reflecting patterns and variationsin the data. A detailed
description of each theme was developed, incorporating
illustrative quotes from the data. The themes were synthesized
into acohesive narrative that addressed the research objectives.
Finally, the findings were shared with participants to ensure
that the results accurately represented their experiences and
perspectives. Intercoder coding discrepancies were resolved
through internal discussionsto reach aconsensus. If necessary,
coders resorted to the origina interview recordings. If the
discrepancy persisted, the participants in question were
contacted for clarification.

Study Rigor

We used established trustworthiness measures to ensure the
reliability and validity of our findings. Member checking was
conducted to validate interpretations with participants. An audit
trail documenting all key decisions made during data collection
and analysis was maintained. Findings were grounded in
participants’ narratives, and researcher biases were minimized
through reflexivity. To enhance rigor, we conducted member
checking, peer debriefing, and reflexivity discussions during
biweekly team meetings, where the research team actively
reflected on their preconceptions and biases throughout the
study to critically evaluate their influence on the research
process and findings.

Ethical Consider ations

The study was exempted from ethical review or approval
according to the academic research ethical regulations of the
People’'s Hospital of Peking University as it did not involve
patients or patient data. Participants provided written informed
consent after receiving detailed explanations about the study’s
purpose, their rights, and the measuresto ensure confidentiality.
They were aso informed that participation was entirely
voluntary and assured that they could withdraw from the study

https://www.jmir.org/2025/1/€70789

at any time without any penalty or impact on their professional
roles. Participants’ identities were protected by assigning codes,
which were formatted as S) (site number and local participant
number, respectively); for example, code S2P3 means participant
3 at site 2. Sensitive details were desensitized in demographic
data and transcripts to ensure confidentiality. All demographic
data, recordings, transcripts, and field noteswere securely stored
on password-protected flash drives, which were kept in thelocal
principal investigators' locked drawers. Access to the data was
restricted to the research team members. The data were used
solely for analysis and reporting purposes in this study. No
compensation was provided to participants.

Useof LLM Al in This Study

ChatGPT was used for trandating the interview guide,
participant quotes, and theinitial manuscript draft from Chinese
to English and polishing the English language in subsequent
revisions. All Al-generated contents were reviewed by 2
bilingual researchersto ensure accuracy. No other stepsinvolved
the use of LLM Al to ensure originality and maintain the
integrity of the research process.

Results

Interviews

By the time data saturation was achieved, a total of 31
participants across 3 sites had completed the interviews,
including 9 participants at site 1, 10 at site 2, and 12 at site 3,
respectively. Interviews|asted an average of 27.3 minutes (range
21-39 minutes).

Participant Demographics

Most participants (n=21, 74%) were younger than 45 years,
with a roughly equal distribution of male (n=15, 48%) and
female (n=16, 52%) participants. Nearly half (n=15, 48%) of
participants reported between 5 and 10 years of administrative
work experience, while 26% (n=8) had more than 10 years of
experience. Regarding education, 55% (n=17) of participants
held a“ master or over” degree, whilethe remaining 45% (n=14)
held “bachelor or below” qualifications.

In terms of familiarity with LLM Al tools, 23% (n=7) reported
“high,” 29% (n=9) “medium,” 26% (n=8) as “low,” and 23%
(n=7) reported “none.” Regarding use frequency, 26% (n=8)
were “frequent” users, 29% (n=9) were"“occasional” users, and
theremaining 45% (n=14) wereclassified as“rare”’ users(Table
3).
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Notably, there were site-specific trends in the levels of
familiarity and frequency of use of LLM Al tools. At site 1,
only 1 participant (S1P5) reported a high level of familiarity
with LLM Al tools, and this participant was also the only
frequent user at the site. In contrast, site 3 had the highest
proportion of participants with high familiarity (S3P1, S3P7,
S3P11, and S3P12), all of whom reported frequent use. Site 2
exhibited a more balanced distribution, with participants
showing amix of low, medium, and high familiarity levels and
a corresponding range in frequency of use.

Table 3. Demographic characteristics of participants (N=31).

Chenet a

Acrossall sites, frequency of usetended to correlate with levels
of familiarity. Participants categorized as having high familiarity
consistently reported frequent use, while those with low
familiarity or none typically used the tools rarely or
occasionally. Individualized participant characteristic data are
provided in Multimedia Appendix 2.

While site-specific trends in familiarity and frequency of use
were evident, trends in other characteristics, such as age, sex,
work experience, and educational level, were less prominent.
These patternswarrant further exploration in future quantitative
studies to establish causal relationships.

Characteristics

Participants, n (%)

Site
1
2
3
Age (years)
Lessthan 35
35-45
More than 45
Sex
Male
Female
Administrative work experience (years)
Lessthan 5
5-10
More than 10
Education level
Bachelor or less

Master or higher

Familiarity with LLM2AI® tools
High
Medium
Low
None

Frequency of LLM Al tool use
Frequent
Occasional

Rare

9 (29)
10 (32)
12 (39)

12 (39)
11 (36)
8 (26)

15 (48)
16 (52)

8 (26)
15 (48)
8 (26)

14 (45)
17 (55)

7(23)
9(29)
8 (26)
7(23)

8 (26)
9 (29)
14 (45)

3 _LM: large language model.
BAI: artificial intelligence.

Themes

Three key themes were generated from the interviews, as
follows.

https://www.jmir.org/2025/1/€70789
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Theme 1: Factors | nfluencing Adoption and Continued
Use

Overview

The adoption and continued use of LLM Al tools were shaped
by various individual and contextual factors. Participants
familiarity with technology, prior knowledge, early experiences
with the tools, personality traits, and entrenched work habits
often determined their level of engagement and willingness to
explore further.

Subtheme 1: Initial Knowledge and Tech Literacy

Participants’ understanding of LLM Al tools and their general
comfort with technology played apivotal rolein adoption. Those
with prior exposure to technology or experience with similar
toolstended to adopt them more readily, while those with limited
knowledge expressed hesitation or uncertainty.

Participants who lacked awareness or foundational knowledge
about LLM Al tools often struggled to take the first step toward
adoption. The sample quotes were as follows.

I had no idea these tools existed until a colleague
mentioned it during a meeting. | wasn't sure how it
worked, and without any formal introduction or
training, it felt intimidating to even try... Technology
isn't my strong suit, and | need some support before
| can confidently use something like this. [S1P1]

It's not that | don't like technology. | just don't have
the prior knowledgeto understandit easily... It'shard
to even know where to start. [ S2P10]

In contrast, participants with prior technological familiarity
emphasized how their existing skills made it easier to explore
and useLLM Al toolseffectively. Participantswith atech-savvy
background found it easier to engage with LLM Al tools and
highlighted their use in improving workflow efficiency.

I’m generally good with tech, so when | heard about
thetools, | right away wanted to explore them. Once
| started (using them), | realized how much they could
help with daily tasks. [S1P5]

People who are already tech-savwy seem to adopt
something like these tools much faster. | myself lack
understanding the basics of how these tools work,
This was a big challenge. | felt that | was at a
disadvantage compared to other younger colleagues.
They are more familiar with technologies. [ S3P11]

Subtheme 2: Initial Attemptsand Impressions

Participants’ first experiences with LLM Al tools often shaped
their ongoing engagement. Early successes motivated continued
use, while initial challenges or failures created a reluctance to
persist. Participants who had positive first experiences often
felt empowered to explore additional applications.

The first time | used an LLM Al tool, | was blown
away. | needed to draft a report quickly, and it
generated a clear and concise version in seconds,
literally second. (I’m) not joking! (Look astonished)
Thefeeling was so positive that | immediately started

https://www.jmir.org/2025/1/€70789
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exploring other ways (to useit)... Now it's a regular
part of my daily routine. [S3P1]

Conversely, negative first experiences often discouraged
participants, creating a sense of frustration and mistrust in the
tools.

My first attempt with the tool didn’'t go as expected.
The output wasn't what | expected. | felt very
frustrated. [S1P4]

| gave it a shot when someone showed me a demo, but my
experience wasn't as smooth. It seemed too complicated to
complete my task. | didn’'t feel like | had the time to figure it
out. Theinitial failure discouraged me (from continuing). [ S2P9]

Subtheme 3: Personality Traits and Habits

Participants attitudes toward change and their existing work
habits influenced how they engaged with LLM Al tools. Those
who were resistant to change or highly attached to their
traditional workflows often avoided experimenting with new
tools.

I’m the type of person who likes to stick to what |
know. Thesetoolsindeed seeminteresting, but | don't
feel the need to use them. My current wor kflow works
fine for me. | just don’t see the urgency. [S2P4]

Once you're used to your routine, it's hard to think
about changing it... Just don’'t need (the tools) now.
[S3P5]
In contrast, participants with anatural curiosity for innovation
viewed these tools as opportunities for improvement.

Some of us are naturally curious about new
technologies, like me. (Laughed) Curiosity drives
exploration, you know... | liketo experiment with new
toolsand figure out how they can make my job easier,
but it'strue that not everyone is like me. [S1Pg]

| like trying new things, but | know a lot of my
colleagues are hesitant about new stuffs. It's just a
matter of personality or preference. [S2P8]

Personally, | enjoy exploring new ways to make my
work more efficient, so I'm pretty open to these Al
tools. [S3P1]

Theme 2: Limited Tasks for Which Tools Were Used

Participants predominantly used LLM Al tools for document
drafting, while other potential applications remained largely
unexplored. This limited range reflected a combination of low
awareness, confidence, and lack of training.

Subtheme 1: Limited Range of Tasks

While document drafting was the most common use case,
participants expressed interest in broader applicationsif provided
with the necessary guidance.

| mostly use themfor writing documents, like reports,
emails, plans, all kinds of writing basically. I’ ve heard
they can do much more, but | don’'t know how to use
other features. [S2P3]
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Subtheme 2: Barriersto Broader Application

Thisrestricted application was further compounded by barriers
preventing participants from exploring the full capabilities of
the tools, such as a lack of trust in the tools accuracy for
complex tasks, limited skills with crafting effective prompts,
and perceptions that the effort required to use the tools
outweighed the benefits.

Lack training. I'm stuck with simple tasks. | tried
using themfor data analysis once, but the output had
errors. | couldn’t fix them, so | lost trust in using them
for anything beyond basic tasks. [S1P4]

It'seasier to stick to what you know the tools can do.
When | tried prompting Kimi (a Chinese LLM Al tool)
for a more complex task, it didn't work well. | spent
more time rephrasing the prompt and correcting the
output than if |1 had just done it manually. It didn’t
feel worthwhile in the end. [S2P7]

| tried using it to summarize a report, but it left out
key details and added irrelevant information... For
important things, like scheduling or analyzing data,
| just don't trust it. [S3P4]

Theme 3: Desirability of Tutorials and Training

Participants strongly emphasi zed the need for structured training
toimprove familiarity, confidence, and the range of applications
for LLM Al tools.

A hands-on tutorial would make a huge difference. If
someone could walk us through the features step by
step, it would be very helpful. [ S2P5]

(Training) like workshops to show how to use it in
real-world scenarios. Right now, we're just
experimenting blindly. [S3P4]
Participants also emphasized the importance of institutional
responsibility in providing training opportunities.

| think if the hospital can provide some training
sessions, more people would be willing to give these
toolsa chance... Even just a basic introduction to how
the tools work and what they can do would be
helpful... For many of us, the biggest barrier is not
knowing where to start or how to use the tools
effectively. [S1P5]
Training should include not just how to use the tools
but also how to troubleshoot common issues...
Definitely help building confidence. [ S3P7]
Notably, participants of site 3 mentioned that their hospital, as
a leading academic center, provided their clinical and
administrative staff with lectures about the adoption of LLM
Al for research applications.

Not specially for administrative work, our hospital
organized lectures about how to use Al for research.
I’mnot sureif thisanswersyour question but thiswas
helpful for us (administrators) aswell. [S3P4]

Similar initiatives were not offered at sites 1 or 2, which might
partly explain the observed site-specific discrepancies.

https://www.jmir.org/2025/1/€70789
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Discussion

Principal Findings

The adoption of LLM Al tools among hospital administrators
was generaly low, with notable site-specific variations
highlighting the potential influence of regional and institutional
contexts. While participants at some sites reported higher
familiarity and frequent use, others demonstrated limited
engagement, reflecting a mix of interest, barriers, and
opportunities. Three key themes emerged from the data: factors
influencing adoption and continued use, the limited range of
tasks for which the tools were used, and the strong desire for
structured tutorials and institutional training. These findings
suggest that individual and contextual factors, including prior
knowledge, technological literacy, and early user experiences,
play acritical role in shaping engagement with LLM Al tools.
Furthermore, the restricted application of these tools, coupled
with barriers such as mistrust in their accuracy and insufficient
prompting skills, underscoresthe need for targeted interventions
to enhance their usability and integration.

According to our findings, the adoption of LLM Al toolsamong
hospital administrators was generaly low, with notable
variations across sites. Participants at site 3 reported higher
familiarity and more frequent use compared to their counterparts
at sites 1 and 2. Notably, administrators at site 3 highlighted
that their hospital, which isaleading academic center, provided
lectures on the use of Al for research applications. This
additional initiative may have contributed to their increased
familiarity and comfort with Al tools and fostered an
encouraging, supportive organizational culture, suggesting that
regional and institutional contexts, including proactive
educational support, play asignificant role in shaping adoption
behaviors. The observations aign with previous studies
indicating that local organizational culture and support systems
are critical factorsin technology uptake, particularly in health
care settings where resources and attitudes toward innovation
can vary widely [30-33].

There seemed to be a clear correlation between participants
levels of familiarity with LLM Al tools and their frequency of
use. Across al sites, participants with high familiarity
consistently reported frequent use, while those with low
familiarity or no prior experience typically engaged with the
tools rarely or occasionaly. This trend demonstrates the
importance of technological familiarity as akey determinant of
sustai ned engagement, suggesting that userswho feel confident
navigating the tools are more likely to integrate them into their
workflows. Similar findings have been observed in studies,
where perceived ease of use and prior knowledge significantly
influenced the adoption and continued use of technology [34,35].

The adoption and continued use of LLM Al tools were shaped
by variousindividual and contextual factors[36-38]. Participants
who weremore familiar with technology or had prior experience
using similar digital tools the Al tools more readily. Initial
knowledge and technological literacy may play a critica role
in this process. The readiness to experiment aligns with the
Technology Acceptance Model, which asserts that perceived
ease of use and prior experience are key determinants in the
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decisionto adopt new technologies[39]. In contrast, participants
with limited technological expertise exhibited a greater degree
of caution and reluctance and often expressed concerns about
the complexity and reliability of the tools. They tended to
indicate a need for more accessible resources, such as
user-friendly tutorials, comprehensive onboarding sessions, or
hands-on training workshops, to demystify the technology and
build confidence.

This divergence suggests that individual attitudes and previous
exposure may influence initial adoption decisions and affect
long-term engagement and satisfaction. For instance, alack of
digital fluency can lead to underuse, as users may find thetools
intimidating or prone to errors, thereby reinforcing resistance
to change. On the other hand, positive early experiences can
reduce apprehension and encourage users to integrate the tools
more deeply into their workflows. Consequently, it isimportant
to provide tailored support mechanisms, possibly catering to
varying levels of digital proficiency to ensure that the potential
benefits of LLM Al tools are accessible to all administrative
staff, regardless of their initial technological background. This
is aso reflected in our findings according to theme 3, where
many participants indicated desirability for educational
initiatives.

Early experienceswith the tools played apivotal rolein shaping
overall engagement. Participants who encountered positive
outcomes during their initial interactions, such as generating
accurate drafts, receiving timely and coherent responses, or
completing tasks more efficiently, tended to be reassured of the
technology’s potential and motivated for further exploration.
Such early successes often served as a catalyst for a deeper
integration of the tools into their workflows, which reinforced
confidence and sparked curiosity. Conversely, participants who
faced challenges during initial attempts, such as difficultiesin
crafting effective prompts, inconsistent outputs, or errorsin task
execution, tended to develop skepticism and mistrust toward
the technology. The negative experiences not only discouraged
further exploration but also reinforced preexisting apprehensions
about the reliability and practicality of the tools, particularly
for complex or critical tasks. Such experiences often lead to a
cycle of avoidance, where initia failures contribute to a
diminished willingness to invest time and effort in mastering
the technology. This pattern is consistent with prior research,
which has shown that early user experiences with technologies
significantly impact long-term adoption and sustained use
[40,41]. Positive early interactions can lead to a virtuous cycle
of increasing confidence and proactive engagement, whereas
negative experiences can result in long-lasting reservations and
resistance to change.

Individual attitudes and habits emerged as another key factor
influencing adoption. Some participants, driven by inherent
curiosity and a proactive willingness to experiment, viewed the
toolsasinnovative opportunitiesto streamline and enhance their
workflows. The early adopters were more inclined to explore
its diverse functionalities. Their openness often stemmed from
personality traits such as adaptability and a high degree of
openness to experience, which have been consistently linked
with higher rates of technol ogy adoption [42]. In contrast, other
participants exhibited a strong preference for established,
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traditional methods. For them, the idea of adapting to new
technological tools was unfamiliar and intimidating. The
reluctance was often rooted in a comfort with routine practices
and a skepticism toward untested innovations, reflecting lower
risk tolerance. Such individualswerelessinclined to divert from
methods that they perceived as reliable, even when potential
efficiency gains were evident.

Theinterplay between individual preferencesand organizational
culturefurther influenced the adoption patterns. In environments
where the culture actively encourages innovation,
experimentation, and continuous learning, even those initially
hesitant to adopt new tools may be motivated to try them out.
Conversely, in settings where traditional practices dominate
and thereislittleingtitutional support for digital transformation,
resistance to change can be reinforced. This dynamic is partly
evidenced by the site-specific discrepanciesin this study, where
site 3 offering educationa initiatives as a leading academic
center may foster a supportive environment for adoption. This
isconsistent with prior reports stressing the value of a supportive
organizational culture may well reduce apprehension and foster
experimentation [43,44].

The limited range of tasks for which LLM Al tools were used
further illustrates significant barriersto broader adoption. Most
participants mainly used the tools for drafting documents, a
narrow application suggesting a prevailing lack of awareness,
confidence, and adequate training. The conservative use pattern
was compounded by a deep-seated mistrust in the tools' ability
to handle complex tasks accurately, aswell as by the frustration
associated with crafting effective prompts. Several participants
noted that the time and cognitive effort required to refine
prompts and correct outputs outweighed the potential benefits.
As a result, they tended to rely on simpler, more familiar
workflows. The challenges hindered the expl oration of advanced
features and reinforced a cycle of underuse, where negative
early experiences and perceived inefficiencies further
discouraged experimentation.

Similar observations in existing literature emphasize that the
cognitive and time demands of prompt engineering are
significant barriers to the efficient use of Al tools [23,45,46].
The findings suggest that without targeted interventions, such
as improved user interfaces, streamlined prompt formulation
guides, and comprehensive training programs, users may
continue to favor basic applications over more sophisticated
and potentially transformative functionalities. Again, this pattern
stresses the critical need for organizational support and
continuoustraining to build user confidence and optimize overall
use.

Participants strongly emphasized the need for structured tutorials
and training programs to enhance their understanding and
confidence. Suggestions included hands-on demonstrations,
real-world application workshops, and resources to improve
prompting skills. These findings resonate with prior research
advocating for tailored, user-centric training programsto support
technology adoption [47,48]. Participants also stressed the
importance of ingtitutional support, noting that training sessions
integrated into professional development initiatives could
normalize tool use and encourage broader engagement.
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Based on participants' feedback and prior reports [47,48], we
recommend that institutions develop a comprehensive,
multifaceted approach to training and support. Specifically,
hospitals should design structured tutorial sand hands-on training
programs tailored to the needs of administrative staff. For
exampl e, institutions could organi ze web-based workshopsthat
simulate real-world administrative scenarios, provide
step-by-step demonstrations on using LLM Al tools, and offer
dedicated sessions to improve prompt formulation and
troubleshooting skills. In addition, developing accessible digital
resources such as video tutorials, user guides, and FAQs can
help reinforce learning and serve as a reference for users.

Addressing barriers such as insufficient training, mistrust in
accuracy, and limited prompting skills could significantly
enhance adoption rates. By prioritizing comprehensivetraining
programs and fostering a culture of innovation, institutions can
better support administratorsin integrating LLM Al toolsinto
their daily workflows. Current literature suggests that
organizational-level strategies, including leadership support and
resource allocation, are key to facilitating successful technology
adoption [49].

Limitations

Thisstudy has 2 key limitations. First, asacross-sectional study,
it provides a snapshot of adoption behaviors at a single point
in time, which limits our ability to explore the over-time

Data Availability
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evolution of LLM Al tool adoption. Future longitudinal studies
may be conducted to better capture changes in familiarity,
frequency of use, and the impact of interventions on adoption
patterns. Second, as a qualitative study, the findings are
descriptive and exploratory in nature. While we observed
correlations between participant characteristics, such as
familiarity levels and frequency of use, the interpretations are
preliminary, and the relationships with other characteristics,
such as age, sex, and education, remain undetermined. Future
guantitative investigations are needed to confirm the patterns,
establish causal relationships, and assess the broader
applicability of the findings.

Conclusions

Familiarity with technology, positive early experiences, and
openness to innovation may facilitate adoption, while barriers
such as limited knowledge, mistrust in tool accuracy, and
insufficient prompting skills can hinder broader use. LLM Al
tools are now primarily used for basic tasks such as document
drafting, with limited application to more advanced
functionalities due to a lack of training and confidence.
Structured tutorials and institutional support are needed to
enhance usability and integration. Targeted training programs,
combined with organizational strategies to build trust and
improve accessihility, could enhance adoption rates and broaden
tool use. Future quantitative investigations should validate the
adoption rate and influencing factors.

The audio recordings of theinterviews are prohibited from sharing by institutional privacy protection policy. Desensitized interview
transcripts may be provided on reasonabl e request to the corresponding author.

Authors Contributions

JC, YL, Y Zuo, and HD conceptualized and designed the study. JC, YL, and Y Zuo conducted interviews and curated the data.
JC, YL, PL,Y Zhao, Y Zuo, and HD performed formal analysis. JC managed the project. JC drafted the initial manuscript. YL,
Y Zuo, and HD critically reviewed the final draft. All authors reviewed and edited the manuscript and have read and agreed to
the version for publication.

Conflictsof Interest
None declared.

Multimedia Appendix 1

Interview guide-with Chinese original.
[PDE File (Adobe PDF File), 182 KB-Multimedia Appendix 1]

Multimedia Appendix 2

Individualized participant demographics.
[DOCX File, 18 KB-Multimedia Appendix 2]

References

1. ZhouM, ChenW, Zhu S, Cai T, Yu J, Dai, G. Application of large language models in professional fields. 2023. Presented
at: 11th International Conference on Information Systems and Computing Technology (ISCTech); July 30-August 1,
2023:142-146; Qingdao, China. URL: https://doi.org/10.1109/I SCTech60480.2023.00033 [doi:
10.1109/isctech60480.2023.00033]

2. Jermakowicz E. The coming transformative impact of large language models and artificial intelligence on global business
and education. J Glob Aware. 2023;4(2):1-22. [EREE Full text] [doi: 10.24073/jga/4/02/03]

https://www.jmir.org/2025/1/€70789 JMed Internet Res 2025 | vol. 27 | €70789 | p. 9

(page number not for citation purposes)


https://jmir.org/api/download?alt_name=jmir_v27i1e70789_app1.pdf&filename=d67e76471f4d3083de24aed319cedf5a.pdf
https://jmir.org/api/download?alt_name=jmir_v27i1e70789_app1.pdf&filename=d67e76471f4d3083de24aed319cedf5a.pdf
https://jmir.org/api/download?alt_name=jmir_v27i1e70789_app2.docx&filename=6f0d186d601b63cef4fcce5e0a131cda.docx
https://jmir.org/api/download?alt_name=jmir_v27i1e70789_app2.docx&filename=6f0d186d601b63cef4fcce5e0a131cda.docx
https://doi.org/10.1109/ISCTech60480.2023.00033
http://dx.doi.org/10.1109/isctech60480.2023.00033
https://doi.org/10.24073/jga/4/02/03
http://dx.doi.org/10.24073/jga/4/02/03
http://www.w3.org/Style/XSL
http://www.renderx.com/

JOURNAL OF MEDICAL INTERNET RESEARCH Chenetd

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

Formanek M. Exploring the potential of large |language models and generative artificial intelligence (GPT): applications
in library and information science. J Librariansh Inf Sci. 2024. [FREE Full text] [doi: 10.1177/09610006241241066]
Jiang ZJ, Li J, Liu Y. Unveiling the competitive dynamics: A comparative evaluation of American and Chinese LLMs.
SSRN J. 2024. [FREE Full text] [doi: 10.2139/ssrn.4823501]

Yang J, Jin H, Tang R, Han X, Feng Q, Jiang H, et al. Harnessing the power of LLMsin practice: a survey on ChatGPT
and beyond. ACM Trans Knowl Discov Data. 2024;18(6):1-32. [FREE Full text] [doi: 10.1145/3649506]

ReisF, Lenz C, Gossen M, Volk HD, Drzeniek NM. Practical applications of large language models for health care
professionalsand scientists. IMIR Med Inform. 2024;12:e58478. [FREE Full text] [doi: 10.2196/58478] [Medline: 39235317]
Santos R, Santos |, Magalhdes C, Santos R. Are we testing or being tested? Exploring the practical applications of large
language modelsin software testing. 2023. Presented at: | EEE Conference on Software Testing, Verification and Validation
(ICST); May 27-31, 2024:353-360; Oronto, ON. URL: https://doi.org/10.1109/I CST60714.2024.00039 [doi:
10.1109/icst60714.2024.00039]

Gebreab S, Salah K, Jayaraman R, Rehman M, Ellaham S. LLM-based framework for administrative task automation in
healthcare. IEEE; 2024. Presented at: 12th International Symposium on Digital Forensics and Security (ISDFS); April
29-30, 2024:1-7; San Antonio, TX. URL: https://doi.org/10.1109/I SDFS60797.2024.10527275 [doi:

10.1109/isdf s60797.2024.10527275]

Gasparini L, Phillipson N, Capurro D, Rosenberg R, Buttery J, Howley J, et a. A survey of large language model usein a
hospital, research, and teaching campus. MedRxiv. Preprint posted online on September 12, 2024. [FREE Full text] [doi:
10.1101/2024.09.11.24313512]

Hikov A, Murphy L. Information retrieval from textual data: harnessing large language models, retrieval augmented
generation and prompt engineering. JAl Robot Workplace Autom. 2024;3:142. [FREE Full text] [doi: 10.69554/qafe6376]
Michelet G, Breitinger F. ChatGPT, Ilama, can you write my report? An experiment on assisted digital forensics reports
written using (local) large language models. Forensic Sci Int Digit Investig. 2024;48:301683. [FREE Full text] [doi:
10.1016/j.fsidi.2023.301683]

Liu G, Bono C, Pierri F. Comparing diversity, negativity, and stereotypes in Chinese-language Al technologies: a case
study on Baidu, Ernie and Qwen. Peerd Comput Sci. 2024;11:€269. [FREE Full text] [doi: 10.7717/peerj-cs.2694]

He Q, Wang J, He D. The influence of task and group disparities over users' attitudes toward using large language models
for psychotherapy. ArXiv. Preprint posted on September 9, 2024. [FREE Full text]

Preiksaitis C, Ashenburg N, Bunney G, Chu A, Kabeer R, Riley F, et a. Therole of large language modelsin transforming
emergency medicine: scoping review. IMIR Med Inform. 2024;12:e53787. [FREE Full text] [doi: 10.2196/53787] [Medline:
38728687)

Ali H, Qadir J, Alam T, Househ M, Shah Z. ChatGPT and large language models in healthcare: opportunities and risks.
2023. Presented at: | EEE International Conference on Artificia Intelligence, Blockchain, and Internet of Things (AIBThings);
September 16-17, 2023:1-4; Mount Pleasant, MI. URL : https://doi.org/10.1109/A1BThings58340.2023.10291020 [doi:
10.1109/aibthings58340.2023.10291020]

Togunwa TO, Ajibade A, Uche-Orji C, Olatunji R. Exploring the potentials of large language modelsin vascular and
interventional radiology: opportunities and challenges. Arab J Interventional Radiol. 2024;08(02):063-069. [FREE Full
text] [doi: 10.1055/s-0044-1782663]

Andrew A. Potential applicationsand implications of large language modelsin primary care. Fam Med Community Health.
2024;12:e002602. [FREE Full text] [doi: 10.1136/fmch-2023-002602] [Medline: 38290759]

Shahab O, El Kurdi B, Shaukat A, Nadkarni G, Soroush A. Large language models: a primer and gastroenterology
applications. Therap Adv Gastroenterol. 2024;17:17562848241227031. [ FREE Full text] [doi: 10.1177/17562848241227031]
[Medline: 38390029]

Moxley J, Sharit J, Czaja SJ. Thefactorsinfluencing older adults decisions surrounding adoption of technology: quantitative
experimental study. IMIR Aging. 2022;5(4):€39890. [FREE Full text] [doi: 10.2196/39890] [Medline: 36416885]
Oyetade K, Harmse A, Zuva T. Evaluating students’ willingness to use digital technologies. Int J Educ Pract.
2024;12(3):1027-1039. [FREE Full text] [doi: 10.18488/61.v12i3.3820]

Thapa S, Nielsen JB, Aldahmash AM, Qadri FR, Leppin A. Willingness to use digital health tools in patient care among
health care professionals and students at a university hospital in Saudi Arabia: quantitative cross-sectional survey. IMIR
Med Educ. 2021;7(1):e18590. [FREE Full text] [doi: 10.2196/18590] [Medline: 33605896]

Wang B, Zhang X, Li S, Wang Y. The practice of enhancing learning and scientific innovative abilities using LLM-based
Al tools. 2024. Presented at: 6th International Conference on Computer Science and Technologies in Education (CSTE);
April 19-21, 2024:166-170; Xi'an, China. URL: https://doi.org/10.1109/CSTE62025.2024.00038 [doi:
10.1109/cste62025.2024.00038]

Zamfirescu-PereiraJ, Wong R, Hartmann B, Yang Q. Why johnny can't prompt: how non-Al expertstry (and Fail) to design
LLM prompts. 2023. Presented at: Proceedings of the 2023 CHI Conference on Human Factorsin Computing Systemsl;
April 23-28, 2023:1-21; Hamburg Germany. URL : https://doi.org/10.1145/3544548.3581388 [doi: 10.1145/3544548.3581338]

https://www.jmir.org/2025/1/€70789 JMed Internet Res 2025 | vol. 27 | €70789 | p. 10

(page number not for citation purposes)


https://doi.org/10.1177/09610006241241066
http://dx.doi.org/10.1177/09610006241241066
https://doi.org/10.2139/ssrn.4823501
http://dx.doi.org/10.2139/ssrn.4823501
https://doi.org/10.1145/3649506
http://dx.doi.org/10.1145/3649506
https://medinform.jmir.org/2024//e58478/
http://dx.doi.org/10.2196/58478
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=39235317&dopt=Abstract
https://doi.org/10.1109/ICST60714.2024.00039
http://dx.doi.org/10.1109/icst60714.2024.00039
https://doi.org/10.1109/ISDFS60797.2024.10527275
http://dx.doi.org/10.1109/isdfs60797.2024.10527275
https://doi.org/10.1101/2024.09.11.24313512
http://dx.doi.org/10.1101/2024.09.11.24313512
https://doi.org/10.69554/qafe6376
http://dx.doi.org/10.69554/qafe6376
https://doi.org/10.48550/arXiv.2312.14607
http://dx.doi.org/10.1016/j.fsidi.2023.301683
https://doi.org/10.48550/arXiv.2408.15696
http://dx.doi.org/10.7717/peerj-cs.2694
https://doi.org/10.48550/arXiv.2409.05703
https://medinform.jmir.org/2024//e53787/
http://dx.doi.org/10.2196/53787
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=38728687&dopt=Abstract
https://doi.org/10.1109/AIBThings58340.2023.10291020
http://dx.doi.org/10.1109/aibthings58340.2023.10291020
https://doi.org/10.1055/s-0044-1782663
https://doi.org/10.1055/s-0044-1782663
http://dx.doi.org/10.1055/s-0044-1782663
https://fmch.bmj.com/lookup/pmidlookup?view=long&pmid=38290759
http://dx.doi.org/10.1136/fmch-2023-002602
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=38290759&dopt=Abstract
https://journals.sagepub.com/doi/10.1177/17562848241227031?url_ver=Z39.88-2003&rfr_id=ori:rid:crossref.org&rfr_dat=cr_pub  0pubmed
http://dx.doi.org/10.1177/17562848241227031
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=38390029&dopt=Abstract
https://aging.jmir.org/2022/4/e39890/
http://dx.doi.org/10.2196/39890
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=36416885&dopt=Abstract
https://doi.org/10.18488/61.v12i3.3820
http://dx.doi.org/10.18488/61.v12i3.3820
https://mededu.jmir.org/2021/1/e18590/
http://dx.doi.org/10.2196/18590
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33605896&dopt=Abstract
https://doi.org/10.1109/CSTE62025.2024.00038
http://dx.doi.org/10.1109/cste62025.2024.00038
https://doi.org/10.1145/3544548.3581388
http://dx.doi.org/10.1145/3544548.3581388
http://www.w3.org/Style/XSL
http://www.renderx.com/

JOURNAL OF MEDICAL INTERNET RESEARCH Chenetd

24,

25.

26.

27.

28.

29.

30.

31.

32.

33.

35.

36.

37.

38.

39.

40.

41.

42.

43.

45,

46.

47.

48.

Kamel Rahimi A, Pienaar O, Ghadimi M, Canfell OJ, Pole JD, Shrapnel S, et al. Implementing Al in hospitals to achieve
alearning health system: systematic review of current enablers and barriers. JMed Internet Res. 2024;26:e49655. [FREE
Full text] [doi: 10.2196/49655] [Medline: 39094106]

Villamin B, Lopez V, Thapa D, Cleary M. A worked example of qualitative descriptive design: a step-by-step guide for
novice and early career researchers. J Adv Nurs. 2024. [doi: 10.1111/jan.16481] [Medline: 39382252]

FuridhaB. Comprehension of the descriptive qualitative research method: acritical assessment of theliterature. JMultidiscip
Res. 2024:1-8. [FREE Full text] [doi: 10.56943/jmr.v2i4.443]

Elliott R, Timulak L. Essentials of Descriptive-lnterpretive Qualitative Research: A Generic Approach. Washington, DC.
American Psychological Association; 2021.

Guest G, Namey E, Chen M. A simple method to assess and report thematic saturation in qualitative research. PLoS One.
2020;15(5):e0232076. [FREE Full text] [doi: 10.1371/journal.pone.0232076] [Medline: 32369511]

Praveena K.R, Sasikumar S. Application of colaizzi’s method of data analysisin phenomenological research. Med Led
Update. 2021;21(2):914-918. [FREE Full text] [doi: 10.37506/MLU.V2112.2800]

Singh HP, Kumari R. Digital technologies in healthcare management: A study of influence of national culture for adoption
of electronic health recordsin Indiaand Australia. Arch Bus Res. 2023;11(8):206-217. [FREE Full text] [doi:
10.14738/abr.118.15354]

Rajamani S, Hultman G, Bakker C, Melton GB. Therole of organizational culture in health information technology
implementations; a scoping review. Learn Health Syst. 2022;6(3):€10299. [FREE Full text] [doi: 10.1002/Irh2.10299]
[Medline: 35860317]

Wong JHK, Néaswall K, Pawsey F, Chase JG, Malinen SK. Adoption of technological innovation in healthcare delivery: a
psychological perspective for healthcare decision-makers. BMJ Innov. 2023;9(4):240-252. [FREE Full text] [doi:
10.1136/bmjinnov-2022-001003]

AlQudah AA, Al-Emran M, Shaalan K. Technology acceptance in healthcare: a systematic review. Appl Sci.
2021;11(22):10537. [FREE Full text] [doi: 10.3390/app112210537]

Al-Emran M, Teo T. Do knowledge acquisition and knowledge sharing really affect e-learning adoption? An empirical
study. Educ Inf Technol. 2019;25(3):1983-1998. [FREE Full text] [doi: 10.1007/s10639-019-10062-w]

Kashada A, Mohamed W. The impact of perceived usefulness & perceived ease of use on the successful adoption of
information systems in devel oping countries. J Comput Eng. 2020;1:22. [doi: 10.9790/0661-2201014548]

Wang J, Huang C, Yan S, Xie W, He D. When young scholars cooperate with LLMs in academic tasks: the influence of
individual differences and task complexities. Int JHum Comput Interact. 2024:1-16. [FREE Full text] [doi:
10.1080/10447318.2024.2352919]

Eigner E, Handler T. Determinants of L L M-assisted decision-making. ArXiv. Preprint posted on February 27, 2024. [FREE
Full text]

Bhattacharyya S. Study of adoption of artificial intelligence technol ogy-driven natural large language model-based chatbots
by firmsfor customer service interaction. J Sci Technol Policy Manag. 2024. [FREE Full text] [doi:
10.1108/jstpm-11-2023-0201]

Grani¢ A, Maranguni¢ N. Technology acceptance model in educational context: A systematic literature review. Brit J
Educational Tech. 2019;50(5):2572-2593. [FREE Full text] [doi: 10.1111/bjet.12864]

Ahn H. Al-powered E-learning for lifelong learners: impact on performance and knowledge application. Sustainability.
2024;16(20):9066. [FREE Full text] [doi: 10.3390/su16209066]

Dr. A. Ameer Hussian S. Understanding Al adoption: the mediating role of attitude in user acceptance. J Inform Educ Res.
2024;4(2):10-16. [FREE Full text] [doi: 10.52783/jier.v4i2.975]

Joshi A, Das S, Sekar S. How Big Five personality traits affect information and communication technology use: a
meta-analysis. Australas J Inf Syst. 2023;27:151-157. [FREE Full text] [doi: 10.3127/gjis.v27i0.3985]

Hayes C. Creating supportive environments. Transit Leadersh. 2020:85-104. [FREE Full text] [doi:
10.1007/978-3-030-42787-0_7]

Bagrationi K, Gordienko O. Dynamics of organisational change: resistance, readiness, and the road ahead. Eur Conf Innov
Entrepreneursh. 2024;19(1):81-88. [FREE Full text] [doi: 10.34190/ecie.19.1.2785]

Sun GH. Prompt engineering for nurse educators. Nurse Educ. 2024;49(6):293-299. [doi: 10.1097/NNE.0000000000001705]
[Medline: 38968442]

Wang M, Wang M, Xu X, Yang L, Cai D, Yin M. Unleashing chatGPT's power: a case study on optimizing information
retrieval in flipped classrooms via prompt engineering. |EEE Trans Learn Technol. 2024;17:629-641. [FREE Full text]
[doi: 10.1109/t1t.2023.3324714]

Soji Osundare O, Somadina Ike C, Gilbert Fakeyede O, Bolatito Ige A. The role of targeted training in IT and business
operations: a multi-industry review. Int J Manag Entrep Res. 2023;5(12):1184-1203. [FREE Full text] [doi:
10.51594/ijmer.v5i12.1474]

Scandiffio J, Zhang M, Karsan |, Charow R, Anderson M, SalhiaM, et a. Therole of mentoring and coaching of healthcare
professionals for digital technology adoption and implementation: a scoping review. Digit Health.
2024;10:20552076241238075. [FREE Full text] [doi: 10.1177/20552076241238075] [Medline: 38465291]

https://www.jmir.org/2025/1/€70789 JMed Internet Res 2025 | vol. 27 | €70789 | p. 11

(page number not for citation purposes)


https://www.jmir.org/2024//e49655/
https://www.jmir.org/2024//e49655/
http://dx.doi.org/10.2196/49655
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=39094106&dopt=Abstract
http://dx.doi.org/10.1111/jan.16481
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=39382252&dopt=Abstract
https://doi.org/10.56943/jmr.v2i4.443
http://dx.doi.org/10.56943/jmr.v2i4.443
https://dx.plos.org/10.1371/journal.pone.0232076
http://dx.doi.org/10.1371/journal.pone.0232076
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32369511&dopt=Abstract
https://doi.org/10.37506/MLU.V21I2.2800
http://dx.doi.org/10.37506/MLU.V21I2.2800
https://doi.org/10.14738/abr.118.15354
http://dx.doi.org/10.14738/abr.118.15354
https://europepmc.org/abstract/MED/35860317
http://dx.doi.org/10.1002/lrh2.10299
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=35860317&dopt=Abstract
https://doi.org/10.1136/bmjinnov-2022-001003
http://dx.doi.org/10.1136/bmjinnov-2022-001003
https://doi.org/10.3390/app112210537
http://dx.doi.org/10.3390/app112210537
https://doi.org/10.1007/s10639-019-10062-w
http://dx.doi.org/10.1007/s10639-019-10062-w
http://dx.doi.org/10.9790/0661-2201014548
https://doi.org/10.1080/10447318.2024.2352919
http://dx.doi.org/10.1080/10447318.2024.2352919
https://doi.org/10.48550/arXiv.2402.17385
https://doi.org/10.48550/arXiv.2402.17385
https://doi.org/10.1108/jstpm-11-2023-0201
http://dx.doi.org/10.1108/jstpm-11-2023-0201
https://doi.org/10.1111/BJET.12864
http://dx.doi.org/10.1111/bjet.12864
https://doi.org/10.3390/su16209066
http://dx.doi.org/10.3390/su16209066
https://doi.org/10.52783/jier.v4i2.975
http://dx.doi.org/10.52783/jier.v4i2.975
https://doi.org/10.3127/ajis.v27i0.3985
http://dx.doi.org/10.3127/ajis.v27i0.3985
https://doi.org/10.1007/978-3-030-42787-0_7
http://dx.doi.org/10.1007/978-3-030-42787-0_7
https://doi.org/10.34190/ecie.19.1.2785
http://dx.doi.org/10.34190/ecie.19.1.2785
http://dx.doi.org/10.1097/NNE.0000000000001705
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=38968442&dopt=Abstract
https://doi.org/10.1109/TLT.2023.3324714
http://dx.doi.org/10.1109/tlt.2023.3324714
https://doi.org/10.51594/ijmer.v5i12.1474
http://dx.doi.org/10.51594/ijmer.v5i12.1474
https://journals.sagepub.com/doi/10.1177/20552076241238075?url_ver=Z39.88-2003&rfr_id=ori:rid:crossref.org&rfr_dat=cr_pub  0pubmed
http://dx.doi.org/10.1177/20552076241238075
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=38465291&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/

JOURNAL OF MEDICAL INTERNET RESEARCH Chenetd

49. Ali O, Murray PA, Al-Ahmad A, Tahat L. An integrated framework for addressing the challenges and strategies of technology
adoption: a systematic review. Emerg Sci J. 2024;8(3):1215-1242. [FREE Full text] [doi: 10.28991/eg/-2024-08-03-025]

Abbreviations

Al: artificial intelligence
LLM: largelanguage model

Edited by A Mavragani; submitted 02.01.25; peer-reviewed by A Ren, Z Tan, B Banskota; comments to author 30.01.25; revised
version received 04.03.25; accepted 21.03.25; published 01.04.25

Please cite as:

Chen J, LiuY, LiuPR, Zhao Y, Zuo Y, Duan H

Adoption of Large Language Model Al Tools in Everyday Tasks: Multisite Cross-Sectional Qualitative Sudy of Chinese Hospital
Administrators

J Med Internet Res 2025;27:€70789

URL: https://mww.jmir.org/2025/1/€70789

doi: 10.2196/70789

PMID:

©Jun Chen, Yu Liu, Peng Liu, Yiming Zhao, Yan Zuo, Hui Duan. Originally published in the Journal of Medical Internet Research
(https://www.jmir.org), 01.04.2025. Thisisan 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 reproduction in any
medium, provided the original work, first published in the Journa of Medical Internet Research (ISSN 1438-8871), is properly
cited. The complete bibliographic information, alink to theoriginal publication on https://www.jmir.org/, aswell asthis copyright
and license information must be included.

https://www.jmir.org/2025/1/e70789 JMed Internet Res 2025 | val. 27 | 70789 | p. 12
(page number not for citation purposes)

RenderX


https://doi.org/10.28991/esj-2024-08-03-025
http://dx.doi.org/10.28991/esj-2024-08-03-025
https://www.jmir.org/2025/1/e70789
http://dx.doi.org/10.2196/70789
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/

