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Abstract
LLM-driven healthcare chatbots for preliminary medical consultation are a promising innovation to improve healthcare 
accessibility and efficiency. However, public acceptance of this technology in the Chinese context, especially the impact of 
users’ previous experience with relevant technologies on user behavior, remains underexplored. To address this gap, we 
extended the classical Unified Theory of Acceptance and Use of Technology (UTAUT) framework by examining the 
moderating effects of users’ previous experience with telemedicine and large language models (LLMs). Using a scenario- 
based survey, we collected 502 valid responses from general Chinese users and analyzed the data through Structural 
Equation Modelling (SEM). Our results demonstrated that performance expectancy, social influence, trust, and facilitating 
conditions were significant contributing factors, whereas effort expectancy was not, which contradicts previous literature. 
Moreover, users’ previous experience with LLMs exhibited significant moderating effects whereas previous experience with 
telemedicine didn’t. These findings contribute to the literature by suggesting that as LLMs become more widely adopted, 
users’ familiarity with them may enhance trust and, consequently, increase the general acceptance of LLM-driven healthcare 
chatbots.
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Introduction
Given the rapid development of Artificial Intelligence (AI) across various sectors, including healthcare, healthcare providers 
are increasingly incorporating AI in healthcare services, by means such as AI assisted triage, enquiry, treatment plan and CT 
report generation to improve efficiency and parity.1,2 Among them, LLM-driven healthcare chatbots, the intelligent 
conversational agents that utilize generative artificial intelligence to provide medical information, symptom assessment, and 
preliminary consultations in conversations have achieved notable breakthroughs and are being promoted by healthcare 
providers,3 which may save them from repetitive labor and reduce users’ waiting time for consultation services.4,5 Tech- 
savvy users have embraced LLM-driven chatbots as their preferred method of medical consultation. However, the general 
public may perceive interacting with AI as cognitively demanding or may doubt the chatbot’s diagnostic accuracy compared 
to human doctors.6 The unfamiliarity and complicated procedure may impede the users’ willingness to use such services.7
Moreover, the user’s trust in LLM-driven chatbots may also affect their willingness to use them for healthcare purposes.8
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Considering these potential challenges, it is important to examine and understand the mechanism of which users choose to 
accept these LLM-driven healthcare chatbots.9

Previous research has investigated the acceptance of LLM-driven chatbots from different orientations.10 For example, 
researchers focused on individual-level determinants and found that perceived usefulness, subjective norms, and trust 
significantly influence users’ intention to use LLM-driven health chatbots.11 Similarly, another study that explored seniors’ 
adoption of AI-driven healthcare services highlighted the importance of ease of use, perceived usefulness, and emotional 
support.12 However, the mechanism of which users’ expectations and perceptions influences the adoption of LLM-driven 
healthcare chatbots through moderation effects of previous user experiences of related technology remains unexplored.

Behavioral studies often adopt a technology-psychology-society framework to examine the acceptance of LLM-driven 
chatbots in healthcare and other domains. From a technological perspective, factors such as perceived usefulness, per
formance expectancy, and system quality are commonly identified as key drivers of user adoption.13 From a psychological 
perspective, trust, privacy concerns, and perceived risk often shape users’ emotional and cognitive responses to chatbot use.13

Meanwhile, the societal dimension captures the impact of subjective norms, peer influence, and organizational endorsement, 
which can significantly affect behavioral intention.14 We also incorporate this framework in this study to investigate the 
contributing factors that affect users’ behavioral intention to adopt the LLM-driven healthcare chatbots.

Users’ previous experience has been identified as an important factor in the adoption of new technology. For instance, 
researchers grouped survey participants into 3 clusters based on their previous user experience to examine the factors 
affecting their acceptance of commercial healthcare apps.15 Another research investigated the acceptance of AI health 
assistants and incorporated user experience as a control variable.16 However, its moderation effects were not considered in 
previous studies. From our knowledge, few studies have considered the impact of previous experience with LLMs and 
telemedicine on the acceptance of LLM-driven healthcare chatbots. Telemedicine has been increasingly used by patients. Its 
functions include online appointment, follow-up care, health education, and remote consultations. For remote consultation, 
text and graphic communication are mostly widely used, which is similar to talking with an LLM-driven healthcare chatbots. 
However, remote consultations in telemedicine involve communication with actual physicians, which fundamentally differs 
from engaging with LLM-driven healthcare chatbots. Consequently, the impact on public acceptance of healthcare chatbots 
may vary. Therefore, investigating the effects of users’ previous experience on the adoption of healthcare chatbots would 
extend our current understanding of users’ acceptance for these chatbots, which could potentially guide the chatbot 
developers to fulfil the users’ expectations. Therefore, in this study, we seek to address this gap by examining the moderation 
effects of users’ previous experience with LLMs and telemedicine on users’ behavioral intention to adopt the healthcare 
chatbots. We propose the following research questions:

1. How do technological, psychological and societal contributing factors influence users’ behavioral intention to adopt 
the LLM-driven healthcare chatbots?

2. How does previous user experience with telemedicine moderate the relationship between contributing factors and 
users’ behavioral intention to adopt LLM-driven healthcare chatbots?

3. How does previous user experience with LLMs moderate the relationship between contributing factors and users’ 
behavioral intention to adopt LLM-driven healthcare chatbots?

The Unified Theory of Acceptance and Use of Technology (UTAUT) framework is applied for our analysis and 
discussion, which comprehensively captures the technological, psychological, and social dimensions of user behavior. In this 
study, we identified five key constructs: performance expectancy, effort expectancy, social influence, trust, and facilitating 
conditions, and we employed a survey-based research to address our proposed research questions. Firstly, we conducted a 
survey to explore users’ underlying perceptions, expectations, and concerns regarding healthcare chatbots related to the 
constructs, and their previous experience with telemedicine and LLM chatbots. Secondly, we performed a Structural 
Equation Modeling (SEM) analysis with the collected data from the questionnaire and then conducted a multi-group analysis 
(MGA) to identify the moderation effects of users’ previous experience with telemedicine and LLM chatbots.

Our study makes several contributions to the existing study. First, it integrates trust and previous experience with 
telemedicine and LLM chatbots into the well-established UTAUT framework to examine users’ acceptance of LLM-driven 
healthcare chatbots. To our knowledge, this is one of the first attempts to investigate the moderation effects of users’ previous 
experience on their behavioral intention to adopt LLM-driven healthcare chatbots. Furthermore, this research provides 
developers of LLM-driven healthcare chatbots with a comprehensive view of user adoption from a UTAUT perspective, 
which can help guide the design and implementation of LLM-based conversational agents in healthcare contexts.

2 DIGITAL HEALTH 12 



Methods
LLMs and LLM-driven healthcare chatbots

Generative artificial intelligence is a class of machine learning models designed to produce content by learning patterns from 
large datasets.17 It has increasingly been recognized as a transformative technology with profound implications across 
multiple domains, including education, journalism, and financial technology.18–20 Meanwhile, it has also been revolu
tionizing the way medical services are used to be delivered and becomes an integral component of the healthcare industry.21

For example, emerging research shows that GPT-4 has demonstrated significant potential in clinical diagnostics, out
performing simulated human readers,22 highlighting its capability as a powerful supportive tool in medical diagnostics.

Recently, LLM-driven healthcare chatbots are increasingly being adopted to enhance efficiency, accessibility, and 
accuracy in healthcare services.23–25 These chatbots have been utilized for managing chronic conditions, providing health 
education, behavior change support, and self-care guidance globally,26 which is expected to improve the efficiency of 
healthcare services. It is expected that soon they will also be integrated into primary care settings to assist with patient 
consultations, aiming to alleviate physicians’ workload and improve patient access to medical care.27

In the context of China, the integration of technological advancements into healthcare services has been actively embraced 
by local governments, hospitals and the healthcare industry, driven by persistent systemic challenges such as the unequal 
distribution of medical resources, the disparities in access to high-quality care, and the growing pressure of an aging 
population. Despite notable progress in expanding healthcare coverage and infrastructure in recent years, these structural 
issues continue to necessitate innovative, technology-driven solutions. For example, telemedicine has experienced rapid 
development in China with the potential to provide high-quality healthcare services, especially for remote and rural 
populations, who has limited access to traditional healthcare services. The emergence of AI technologies and their integration 
with healthcare services, including chatbot doctors and others, have presented a novel and efficient solution to enhance 
healthcare accessibility and equity.25,28–31 However, the user acceptance of these LLM-driven healthcare chatbots in China 
have yet to be comprehensively examined. In this research, we apply the Unified Theory of Acceptance and Use of 
Technology (UTAUT) framework to investigate the key factors influencing Chinese users’ willingness to adopt LLM-driven 
healthcare chatbots, using a structured survey to assess constructs such as performance expectancy, effort expectancy, social 
influence, trust, facilitating conditions, and behavioral intention.

Theoretical lenses on user acceptance to LLM-driven healthcare chatbots

Researchers around the world have already investigated the factors affecting AI implementation in healthcare practices.32

Table 1 included several studies which met the following criteria: published in peer-reviewed journals, employed survey- 
based methods, focused on chatbot adoption or user acceptance, and drew on established theoretical frameworks such as 
TAM, UTAUT, or trust/risk perception models. As summarized in the table, factors such as trust, perceived usefulness, and 
responsiveness have emerged as significant drivers of chatbot acceptance. Nevertheless, one important gap remains: the 
potential moderating effects of users’ previous experience with telemedicine and LLMs have not yet been systematically 
examined, both of which might serve as important moderators of the acceptance of new technologies.33 In the context of 
LLM-driven systems, user experience could serve as a potential moderator that influences the strength or direction of 
relationships between key acceptance constructs and behavioral intention.34 Therefore, this study contributes to the 
understanding of the acceptance of these chatbots, focusing on the moderation effects of users’ previous experience with 
telemedicine and LLMs.

Direct effects

This study adopts the Unified Theory of Acceptance and Use of Technology (UTAUT) to examine the factors influencing 
users’ intention to adopt LLM-driven healthcare chatbots, including performance expectancy, effort expectancy, social 
influence, and facilitating conditions.35 Moreover, trust, a commonly added construct in healthcare technology research, is 
also included as an additional predictor.10

Performance expectancy refers to users’ belief that adopting an LLM-driven healthcare chatbot will enhance efficiency 
and effectiveness in healthcare-related tasks. Research indicates that it plays a crucial role in the adoption of LLM-driven 
healthcare chatbots. Researchers identified performance expectancy as a key factor influencing both patients’ and healthcare 
professionals’ willingness to adopt conversational agents.14 Moreover, another study demonstrated that performance 
expectancy is a significant predictor of behavioral intention toward AI applications in healthcare.36 Based on these results, we 
proposed the following hypothesis:
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H1: Performance Expectancy positively influences users’ behavioral intention to adopt LLM-driven healthcare chatbots.

Effort expectancy refers to users’ perception of how easy it is to interact with a chatbot. Existing studies have highlighted 
that the ease of use is a key determinant of AI chatbot adoption. For instance, researchers found that older users’ acceptance of 
healthcare chatbots is driven by the ease of use, suggesting that user-friendly chatbot interfaces can facilitate users’ 
adoption.11 In addition, others also emphasized the role of effort expectancy in chatbot acceptance, particularly among 
patients with limited technical skills.14 Based on these arguments, we proposed the following hypothesis:

H2: Effort Expectancy positively influences users’ behavioral intention to adopt LLM-driven healthcare chatbots.

Social influence captures the impact of external opinions, such as those from healthcare professionals, peers, and social 
norms, on chatbot adoption. Previous research emphasized that social influence plays a crucial role in patients’ and healthcare 
professionals’ decisions to adopt chatbots.14 Similarly, a study found that subjective norms significantly influence the 
intention to use LLM-driven health diagnostic chatbots, suggesting that recommendations from trusted individuals could 
shape users’ intention to adopt new technology.10 Based on these findings, we proposed the following hypothesis:

H3: Social Influence positively influences users’ behavioral intention to adopt LLM-driven healthcare chatbots.

Research suggests that trust in AI chatbots significantly impacts user acceptance, as concerns over accuracy, security, and 
reliability influence behavioral intention. Research found that trust in AI-led chatbot services is a key driver of acceptability, 
while concerns about cybersecurity remain a challenge37 Researchers also emphasized that trust in AI-driven chatbots is 
crucial for medical students’ acceptance, especially regarding data security and workplace monitoring.38 Additionally, 
another study found that the skepticism about AI chatbots’ ability to provide accurate medical advice limits the overall 
adoption, indicating the necessity of trust-building measures.39 Researchers further highlighted that trust in AI-based home 
care systems directly influences users’ perceived usefulness and willingness to adopt such technology.40 Based on the 
arguments above, we proposed the following hypothesis:

H4: Trust positively influences users’ behavioral intention to adopt LLM-driven healthcare chatbots.

Facilitating conditions refer to the availability of resources, technical support, and training that are necessary for the 
adoption of LLM-driven healthcare chatbots. Prior research suggests that these supportive environments can enhance AI 
chatbot usage in healthcare. For example, researchers noted that physicians indicated that better support systems could 
improve adoption of these healthcare chatbots.41 Based on these findings, we proposed the following hypothesis:

H5: Facilitating Conditions positively influence users’ behavioral intention to adopt LLM-driven healthcare chatbots.

Moderation effects

In addition to the direct effects, this study further examines how previous user experience with telemedicine and LLMs 
influences the strength and direction of the relationships between the five core predictors and users’ intention to adopt LLM- 
driven healthcare chatbots. In light of the current research gap, we propose that users’ previous experience with telemedicine 
and LLMs could act as moderators.

Individuals who have used online hospitals are more likely to perceive AI-based health chatbots as accessible, useful, and 
credible. For instance, researchers highlighted that users familiar with digital health tools, including online platforms, 
perceive AI chatbots as credible and effective for mental health support.42 and another study identified that individuals with 
prior experience to digital healthcare services (e.g., online hospitals) are more likely to adopt LLM-driven healthcare 
chatbots.43 Based on these findings, we propose the following hypothesis:

H6: Previous experience with telemedicine moderates the relationships between the contributing factors and users’ 
behavioral intention to adopt LLM-driven healthcare chatbots.

Also, previous experience with AI chatbots may significantly influence users’ cognitive processing, trust, and acceptance 
of healthcare chatbots. Previous research indicated that experience with LLMs can reduce uncertainty, increase confidence, 
and enhance perceived ease of use. For instance, Researchers highlighted that previous interaction experience with AI could 
reduce users’ uncertainty and increase their overall confidence in the technology.43 and others demonstrated that familiarity 
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with LLM tools would lower users’ risk perception in downstream applications, thereby increasing trust and behavioral 
intention.44 Based on the research above, we propose the following hypothesis:

H7: Previous experience with LLMs moderates the relationship between the contributing factors and users’ behavioral 
intention to adopt LLM-driven healthcare chatbots.

From the above hypotheses, we can present the conceptual model as follows (Figure 1).

Research design

Our study employed a structured questionnaire survey with a vignette. The study was designed and reported in accordance 
with the STROBE guidelines. All relevant items for cross-sectional studies, including study design, participants selection, 
variables, data sources, bias, study size, statistical methods, and results, were addressed as recommended by STROBE.

Following the data collection process, reliability and validity were assessed through construct reliability, convergent 
reliability, discriminant validity, and confirmatory factor analysis. Subsequently, direct effects were examined using 
covariance-based structural equation modeling (CB-SEM), and moderation effects were analyzed through multi-group 
analysis (MGA). The sequential analysis of the model is depicted in Figure 2.

Survey

At the beginning of the questionnaire, a contextual example of an LLM-driven healthcare chatbot was presented with a case of 
medical consultation process, as shown in Figure 3.

In the example, the LLM-driven healthcare chatbot collected information by asking about the user’s symptoms and 
medical background. At the end of the dialogue, the chatbot provided an assessment report suggesting the possible causes of 
the symptoms and treatment.

Secondly, questions were provided to the respondents to assess the factors influencing their willingness to use such LLM- 
driven healthcare chatbots. A total of 18 questions related to 5 model constructs were presented, with responses measured on a 
five-point Likert scale ranging from “strongly disagree” to “strongly agree.” The questions were based on previous research 
on the adoption of healthcare chatbots using the UTAUT framework.12,31,32

Figure 1. Conceptual model.
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Thirdly, the survey also included questions related to respondents’ demographic characteristics, as well as measures of 
their previous experience with telemedicine and LLMs.

Samples and data collection

The experiment was conducted online between February 17 and February 24, 2025, yielding 502 valid responses. The 
participants were drawn from the general public in China, recruited online nationwidely through the Wenjuanxing survey 
platform. Table 2 presents the descriptive statistics of the sample.

Results
Reliability and validity analysis

The reliability and validity of the measurement model are presented in Table 3. All of the Cronbach’s α values are above the 
cutoff value of 0.7, which displays a desirable level of internal consistency.45,46 In terms of composite reliability (CR), all 
constructs achieved values above the conventional cutoff of 0.7, confirming that the items consistently represent their 
underlying constructs.47 The average variance extracted (AVE) values were also examined to assess convergent validity. 
According to Fornell and Larcker (1981), “average variance extracted may be a more conservative measure than composite 
reliability”, and “the researcher may conclude that the convergent validity of the construct is adequate, even though more than 
50% of the variance is due to error”.48,49 Therefore, although some AVE values from our research fell slightly below the 
0.5 threshold, they are still considered acceptable if they have a CR greater than 0.7.48,49 Overall, the aforementioned results 
indicate that the model has acceptable sufficient internal consistency, construct reliability, and convergent validity.

The Heterotrait-Monotrait Ratio (HTMT) results in Table 4 are all below the strict threshold of 0.85, indicating that the 
latent variables are sufficiently distinct, confirming that the measurement model meets the requirements for discriminant 
validity.50

The model has a GFI of 0.908, an AGFI of 0.869, a CFI of 0.912, a TLI of 0.888, a SRMR of 0.058 and a RMSEA of 0.071. 
Overall, these Goodness of fit statistics indicate a satisfactory level of fit of the model.51,52

Direct effects analysis

The structural model is validated through the estimation of path coefficients using Amos 28.0. The results displayed in Table 5
provide empirical support for four out of five hypothesized direct relationships. Specifically, performance expectancy (β = 
0.228, p < 0.05), social influence (β = 0.518, p < 0.001), and facilitating conditions (β = 0.131, p < 0.05) have significant and 
positive effects on behavioral intention, confirming H1, H3, and H5. H4 is also confirmed as the measurement items under the 
construct labeled “Trust” are negatively worded and capture concerns and lack of confidence toward LLM-driven healthcare 

Figure 2. Sequential approach for validation of the model.
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chatbots. For example, TT1 (“I am worried that my personal privacy may be leaked…”) reflects privacy concern, TT2 (“I am 
concerned about receiving inaccurate or outdated information…”) reflects accuracy distrust, and TT3 (“I do not trust the 
professional competence…”) expresses lack of professional confidence. Therefore, higher scores indicate lower levels of 
trust. The significant negative standardized coefficient (β = –0.148, p < 0.05) suggests that higher distrust is associated with 
lower adoption intention, which is theoretically consistent with H4 that higher trust is associated with higher adoption 
intention. In contrast, effort expectancy (β = 0.064, p = 0.411) shows no significant effects, leading to the rejection of H2. 
Collectively, the five predictors explained 36.3% of the variance in behavioral intention (R2 = 0.363), indicating a moderate 
level of explanatory power in the proposed model.

Figure 3. A contextual example of AI healthcare chatbots.
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Moderation effects analysis

The moderating role of previous experiences with telemedicine was examined using nested model comparisons in Amos with 
2000 bootstrapped samples, which relies on Chi-Square difference tests to determine whether a moderator produces 
statistically significant differences in structural relationships.

Table 6 presents the results of the multi-group moderation analysis examining the moderating effect of users’ previous 
experience with telemedicine on the structural relationships within the model. Although the overall model comparison 
indicates a significant difference between groups (CMIN = 11.317, p < 0.05), individual path comparisons did not reveal 

Table 2. Sample descriptive statistics.

Items Category Count Percentage (%)

Gender Male 289 57.57%
Female 213 42.43%

Age <21 33 6.57%
21-30 133 26.49%
31-40 132 26.29%
41-60 116 23.11%
>60 88 17.53%

Education Junior High School 9 1.79%
Senior High School 35 6.97%
College/Undergraduate 347 69.12%
Postgraduate and above 111 22.11%

Income (in RMB per month) <5000 132 26.29%
5000-10000 210 41.83%
10000-20000 118 23.51%
>20000 42 8.37%

Used LLMs? Used 261 51.99%
Have not Used 241 48.01%

Used Telemedicine? Used 321 63.94%
Have not Used 181 36.06%

Table 3. Convergent validity and reliability.

Constructs Items Significance estimation Question 
reliability

CR AVE Cronbach’s α

UnStd. S.E. z-value p Std. SMC

PE PE1 1.000 0.776 0.602 0.780 0.541 0.771
PE2 1.098 0.071 15.400 *** 0.715 0.511
PE3 0.845 0.055 15.381 *** 0.714 0.510

EE EE1 1.000 0.705 0.497 0.732 0.476 0.723
EE2 1.124 0.087 12.882 *** 0.723 0.523
EE3 1.213 0.103 11.825 *** 0.639 0.408

SI SI1 1.000 0.759 0.576 0.794 0.561 0.790
SI2 0.979 0.060 16.281 *** 0.761 0.579
SI3 0.780 0.050 15.558 *** 0.727 0.529

TT TT1 1.000 0.573 0.328 0.705 0.446 0.720
TT2 1.111 0.112 9.931 *** 0.652 0.425
TT3 1.224 0.118 10.373 *** 0.765 0.585

FC FC1 1.000 0.705 0.497 0.730 0.473 0.729
FC2 0.961 0.082 11.655 *** 0.690 0.476
FC3 0.955 0.083 11.455 *** 0.667 0.445

BI BI1 1.000 0.732 0.536 0.733 0.479 0.722
BI2 1.117 0.086 12.932 *** 0.620 0.384
BI3 1.074 0.072 14.954 *** 0.719 0.517

Note. ***p<0.001; Unstd.=Unstandardized Loading; S.E.=Standard Error; Std.=Standardized Loading; SMC = Squared 
Multiple Correlation.
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statistically significant differences. This suggests that the group differences may be distributed across multiple parameters 
with small effects, rather than being driven by a single dominant pathway. Therefore, we conclude that users’ previous 
experience with telemedicine has very limited moderating effects on users’ behavioral intention to adopt LLM-driven 
healthcare chatbots, and H6 is therefore rejected.

Table 7 presents the results of the multi-group moderation analysis examining the moderating effect of users’ previous 
experience with LLMs. The Chi-Square difference tests reveal significant differences between the two groups in two out of 
the five hypothesized paths (PE → BI and TT → BI), as well as in the overall model comparison. These findings suggest that 
prior experience with LLMs moderates the effects of two key predictors on users’ behavioral intention. Specifically, users 
without previous experience with LLMs are more likely to be impacted by the level of trust they have in these chatbots, while 
users with prior experience using LLMs care more about the performance of these chatbots. Therefore, we conclude that 
users’ previous experience with LLMs plays an important moderating role in users’ adoption of LLM-driven healthcare 
chatbots, supporting the validity of H7.

Discussion
Key findings

In this study, we developed a context-specific research model with five contributing factors that would potentially influence 
users’ behavioral intention to adopt LLM-driven healthcare chatbots based on the existing literature. Our results revealed the 
relationships between each contributing factor and users’ behavioral intention. The findings also highlight the importance of 
the moderation effects of previous user experience with LLMs on the adoption of the LLM-driven healthcare chatbots.

First, social influence emerges as the strongest predictor affecting user adoption of LLM-driven healthcare chatbots, 
highlighting the critical role of perceived support or endorsement from peers and healthcare professionals. This finding 
indicates that the peers and healthcare professionals’ endorsement would enhance the users’ acceptance of LLM-driven 
healthcare chatbots. This finding also shows that the “words-of-mouth” effect is valid in this context. Additionally, 
performance expectancy positively influences the users’ behavior intention, suggesting that efficiency, convenience, and 
health outcomes are vital factors when users are making their adoption decisions. Facilitating conditions such as reliable 
internet connectivity and accessible technical infrastructure also significantly boost users’ intention to adopt LLM-driven 
healthcare chatbots by easing adoption barriers.

Second, our results also underscore the significant role of trust as a distinct factor shaping users’ acceptance of LLM- 
driven healthcare chatbots. Greater trust in these AI systems corresponds to higher adoption intentions, reinforcing the 
importance of credibility, security, and transparency in technological design. Users who perceive chatbots as trustworthy are 

Table 4. HTMT analysis.

PE EE SI TT FC

PE
EE 0.512
SI 0.625 0.517
TT 0.442 0.214 0.342
FC 0.328 0.415 0.419 0.158

Table 5. Direct effects analysis.

Paths UnStd. S.E. C.R. P Std. R2

PE → BI 0.211 0.104 2.030 * 0.228 0.363
EE → BI 0.068 0.083 0.823 0.411 0.064
SI → BI 0.440 0.084 5.210 *** 0.518
TT → BI -0.135 0.058 -2.307 * -0.148
FC → BI 0.120 0.055 2.195 * 0.131

Note. ***p<0.001; **p<0.01; *p<0.05; Unstd.=Unstandardized Esti
mate; S.E.=Standard Error; C.R.=Critical Ratio; Std.=Standardized 
Estimate.
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less constrained by privacy risks, thus increasing their willingness to rely on these digital health solutions. This finding also 
underscores the belief that trust serves as a crucial psychological factor as far as healthcare services are concerned.

However, effort expectancy did not show significant effects in the adoption process, potentially reflecting users’ growing 
familiarity and comfort with new APPs. As individuals become more accustomed to install new APPs on their laptops or 
mobile phones, the perceived effort required to use a new APP, including healthcare chatbots, may diminish. This shift 
suggests that perceived ease-of-use is no longer a primary barrier to user adoption. Consequently, traditional constructs like 
effort expectancy may play a less prominent role in shaping users’ behavioral intentions in this context.

More importantly, regarding the moderating effects, previous experience with telemedicine services did not exhibit 
substantial effects on the user adoption of LLM-driven healthcare chatbots. One plausible explanation is that the form of 
telemedicine is inherently different from LLM-driven healthcare chatbots. In particular, telemedicine platforms often 
involve functionalities including appointment scheduling, retrieval of medical results, and remote consultations with human 
doctors, aligning closely with familiar internet services. Users still interact with human service providers when using these 
telemedicine services, which indicates that the experience with telemedicine cannot be directly applied in their interactions 
with LLM-driven healthcare chatbots. Therefore, users’ previous experience with telemedicine has a limited impact due to 
the minimal overlap with the unique cognitive or trust-related challenges posed by generative AI.

In contrast, previous experience specifically with LLMs significantly moderate adoption intentions. Users who had 
previous interactions with LLMs tend to better comprehend their underlying operational principles, thus mitigating concerns 
regarding AI-generated content’s reliability and accuracy. Their previous engagements with LLMs could reduce trust-related 
barriers, allowing these users to emphasize functional benefits rather than perceived risks. Conversely, users with limited or 
no generative AI experience face higher uncertainty, leading to increased skepticism. Instead of performance-based 
evaluations, their adoption decisions are therefore influenced by their level of trust in these LLM-driven healthcare chatbots, 
including their risk perceptions and ethical concerns.

Table 6. Multi-group moderation analysis: Previous 
experience with telemedicine.

Paths Without 
previous 
experience 
(N=181)

With previous 
experience 
(N=321)

Group 
difference

Std. p Std. p CMIN p

PE → BI 0.180 0.223 0.356 0.214 0.576 0.448
EE → BI 0.099 0.337 -0.095 0.544 1.112 0.292
SI → BI 0.522 *** 0.380 0.153 0.079 0.779
TT → BI -0.213 0.079 -0.086 0.405 1.361 0.243
FC → BI 0.094 0.188 0.305 * 1.638 0.201
Overall 11.317 *

Table 7. Multi-group Moderation Analysis: Previous experience 
with LLMs.

Paths Without 
previous 
experience 
(N=241)

With previous 
experience 
(N=261)

Group 
difference

Std. p Std. p CMIN p

PE → BI -0.077 0.613 0.971 *** 6.254 *
EE → BI 0.119 0.276 -0.238 0.370 2.194 0.139
SI → BI 0.746 *** 0.282 * 0.885 0.347
TT → BI -0.198 * 0.291 0.130 8.464 **
FC → BI 0.111 0.150 0.278 0.241 1.081 0.298
Overall 29.522 ***

Note. ***p<0.001; **p<0.01; *p<0.05; Std.=Standardized Estimate.
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Implications for research

This paper makes several important contributions to the technology acceptance literature by addressing the existing gaps. Our 
foremost contribution is that we have identified the moderating effects of users’ previous experience with LLMs and clarified 
its role in the user adoption of LLM-driven healthcare chatbots. This approach was often overlooked by previous research on 
technological and psychological features of adoption in technology acceptance literature.10,12 Our findings highlighted that 
previous experience with LLMs could decrease the impact of trust in users’ adoption decisions and make users focus more on 
performance expectancy. To our knowledge, this study is one of the first attempts to incorporate previous experience as a 
moderator to investigate user adoption behavior in LLM-driven healthcare chatbots. By doing so, our research provided a 
foundation for future research examining experience-based differences in technology adoption.

Moreover, our research advances technology acceptance literature by investigating users’ adoption decisions from the 
extended UTAUT perspective. We have systematically explored the intricate mechanisms associated with users’ adoption of 
LLM-driven healthcare chatbots. Previous literature has focused on the influence of trust on user intent to use LLMs for 
healthcare purposes but have not holistically considered the role of other technological, societal, and psychological factors in 
user adoption of LLM-driven healthcare chatbots.12 We address this gap in our study from a more comprehensive perspective 
in terms of the user adoption process.

Implications for practice

Our findings offer valuable guidance for developers and practitioners of healthcare chatbots. First, in order to enhance user 
acceptance, chatbot providers should emphasize building and maintaining user trust through transparent communication, 
robust security protocols, and clear disclosure of data privacy policies. Offering users insights into how their data is used and 
protected can further bolster confidence in the service.

Second, chatbot developers should prioritize user-centric functional performance by focusing on key aspects such as 
information reliability and diagnostic accuracy, which ensures that the tools provide precise and dependable results. 
Information reliability is fundamental, which helps the chatbots to generate accurate results, ultimately improve users’ 
adoption of the technology. Higher diagnostic accuracy can also promote trust from users, and produce new realiable 
information (e.g. feedback) to optimize diagnostics, which may enhance user engagements in the long run. Moreover, user- 
friendly interface is essential, as a clear navigation and interface design could greatly enhance the user experience.

Additionally, given the significant positive effect of social influence, healthcare organizations should take an active role in 
promoting LLM-driven services through endorsements by trusted professionals and well-designed informational campaigns. 
Adoption is likely to increase when these LLM-driven healthcare chatbots are explicitly recommended and supported by 
healthcare institutions and qualified medical practitioners, as such endorsements would enhance credibility and reduce user 
uncertainty in the technology.

Besides, our findings also carry important practical implications for policymakers and healthcare organizations seeking to 
promote the responsible adoption of LLM. Given that prior user experience is positively associated with trust, targeted 
strategies to facilitate safe initial exposure may be particularly effective among populations who have limited familiarity with 
such technologies before. For example, healthcare institutions could implement pilot programs or guided demonstration 
sessions that allow patients to interact with LLM-based tools in supervised settings, thereby reducing uncertainty and 
perceived risk. Transparent communication and legislation regarding system capabilities, limitations, data usage, and 
privacy protections is also essential to mitigate concerns about misuse of private data. In addition, policymakers may consider 
strengthening regulatory oversight and establishing clear accountability frameworks to enhance institutional trust. Finally, 
digital literacy initiatives tailored to vulnerable or less technologically experienced groups could further support informed 
and confident engagement with LLM-enabled healthcare services.

Limitations and future research

Despite its contributions, this study also faces certain limitations.
First, our research utilized survey data from a single country, China. Perceptions of technology are likely to be shaped by 

culturally embedded values, of which may differ substantially across national contexts. Therefore, the attitudinal patterns 
observed in this study should not be assumed to generalize automatically to other countries. While the effects of prior user 
experience may exhibit a certain degree of cross-contextual consistency due to common behavioral mechanisms, the 
magnitude and expression of these effects may still vary depending on local norms and institutional settings. Future research 
employing cross-national or comparative designs would be necessary to assess the external validity of our findings more 
rigorously.
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Second, our sample predominantly consisted of younger individuals with generally high levels of education, potentially 
limiting the generalizability of the findings to older and less educated populations. Previous research suggests that individuals 
with lower level of education may hold more skeptical attitudes toward AI in healthcare. For instance, Erul et al. found that 
less-educated cancer patients exhibited significantly higher discomfort and concern regarding AI-assisted diagnosis, 
particularly regrading to the accuracy and data privacy.53 This indicates that education level can shape perceptions of AI 
reliability and safety. Therefore, while our results reflect strong acceptance among a more educated and digitally literate 
population, users that are less-educated may have opposite attitudes. However, as our findings show, previous experience 
with AI or LLM technologies may mitigate such skepticism, suggesting that familiarity could play a key role in fostering 
broader acceptance across educational groups. Future studies should consider broader, more diverse populations to better 
capture the full spectrum of user acceptance.

Lastly, although previous experience with LLMs was identified as a significant moderator, the mechanisms through which 
user experiences are translated into trust remain underexplored. Future research should delve deeper into these psychological 
processes using quantitative or mixted research methods to enrich theoretical and practical insights.

Conclusion
This study examined the factors influencing users’ behavioral intention to adopt LLM-driven healthcare chatbots by 
developing an extended UTAUT framework that incorporates users’ previous experience with LLMs and telemedicine. The 
results reveal that social influence, performance expectancy, trust, and facilitating conditions significantly shape users’ 
adoption intentions, while effort expectancy plays a limited role. These findings suggest that as users become increasingly 
familiar with digital technologies, traditional usability concerns may diminish, giving greater importance to social and trust- 
related factors.

Moreover, prior experience with LLMs enhances user acceptance by reducing uncertainty and strengthening confidence 
in LLM-driven healthcare chatbots. This highlights the role of familiarity in promoting positive attitudes toward emerging 
healthcare technologies.

From a practical perspective, building user trust, ensuring data transparency, and promoting LLM-driven services through 
healthcare professionals and credible institutions can effectively increase users’ adoption. Moreover, fostering digital 
literacy through education and training may help mitigate the skepticism among users with limited technical experience.
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