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Introduction: Adopting an information behavior perspective, this study reveals the mechanisms influencing college students' behavioral intention to use Generative Artificial Intelligence (GAI) tools.

Methods: Focusing on the behavioral intention of college students to utilize generative AI tools, the study employed a modified Unified Theory of Acceptance and Use of Technology (UTAUT) model to analyze the behavioral intention of Chinese university students regarding GAI tools.

Results: Data were collected from 378 students and the results show that: effort expectation, performance expectation, and individual innovation positively affect the willingness to use GAI tools, whereas perceived trust and perceived risk do not. Effort expectation and performance expectation indirectly affects the behavioral intention through the mediation of personal innovativeness, while perceived humanlikeness negatively affect the willingness to use.

Discussion: These findings offer a valuable tool for policymakers and faculty members to understand the factors driving GAI acceptance or resistance. Thus, maximize the benefits of applying GAI tools and minimize potential risks and negative sentiment. Consequently, this understanding can facilitate the maximization of benefits derived from GAI tool application and the minimization of potential risks and negative sentiment. Such insights are crucial for the education sector to effectively embrace the transformative potential of GAI and foster the innovative capacity of students.
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1 Introduction

Named “DeepSeek moment,” Chinese AI chatbot DeepSeek reshaped the AI chatbot landscape and attracted users for its powerful performance, initiating another wave of GAI promotion. GAI refers to computational techniques capable of generating meaningful content, such as text, images, or audio, derived from training data (Feuerriegel et al., 2024), which demonstrates potential in providing new perspectives for innovation and transformation.

Among sectors, 81.07% of AI publications (2010–2022) fell into the education sector (Nestor et al., 2024), and the potential of AI empowerment has been observed (Chen et al., 2024). This trend is largely attributable to the proactive adoption of emerging technologies by universities and students (Chen et al., 2024; Wang et al., 2025; Bates et al., 2020). However, the expansion of GAI also introduces potential risks and growing concerns. Beyond advantages, it also raises issues such as the digital divide, academic integrity, and ethical challenges (Global Education Monitoring Report Team, 2023). In order to make the most of GAI and avoid concomitant risks, deeper studies on individuals' behavioral intention on GAI, revealing the mechanism behind are necessary.

Targeting the adoption of emerging technologies like GAI, many models are given to analyze and predict the use behavior, including the Theory of Planned Behavior (TPB), Expectation Confirmation Model (ECM), Technology Acceptance Model (TAM), etc. Proposed in 2003, the unified theory of acceptance and use of technology (UTAUT) model raised the bar to 70% in terms of explaining technology adoption compared to the 30% bar of TAM (Shaper and Pervan, 2007), and 40% bar of TAM2 (Oye et al., 2014), indicating that the UTAUT offers a more accurate prediction and description of the mechanism of use behavior. The excellent performance of UTAUT makes it a potential player on this new track of studying GAI acceptance.

Acknowledging the transformative innovations introduced by GAI, the current study aims to investigate college students' behavioral intentions regarding the use of GAI tools and to illustrate the underlying mechanisms. More bluntly, we will construct an extended UTAUT model illustrating the effects on behavioral intention of GAI tools from various determinants, hypothesize relationships between determinants, and examine these hypotheses based on the data we acquire from the questionnaire on Chinese college students. This research is expected to provide critical insights into GAI adoption among Chinese university students, assist university administrations and faculty members in evaluating its influence, and facilitate the formulation of policies and regulations that encourage the rational application of GAI in education while mitigating potential negative impacts.

The rest of this research includes the following: Section 2 provides the literature review in this field and the study design as well as the proposed model; Section 3 presents research hypotheses; Section 4 discusses the research methodology, visualized the model, and provides a brief introduction on data acquisition and our descriptive analysis; the research results we obtained are elucidated in Section 5, and we thoroughly discuss and conclude our study in Sections 6 and 7, respectively.



2 Literature review


2.1 Previous studies on GAI

For its fascinating performance and great ambitions, GAI became a research frontier recently (Kanbach et al., 2024), as we can see a triple growth in the number of publications from 2010 to 2022 (Nestor et al., 2024). However, potential capacity and risks make this tool a double-edged sword, and more in-depth studies are required to better understand GAI in education (Chen et al., 2024). In fact, as a background, researchers have started to explore if AI can be applied to education since the 1970s (du Boulay, 2016), and at present, the wide application of GAI brings a rapidly changing landscape (Baidoo-Anu and Ansah, 2023).

Previous educational studies on GAI can be broadly categorized into three levels based on their research scope. At the macro level, research has addressed the introduction and widespread adoption of GAI within the education sector, examining its potential advantages and future challenges (Chen et al., 2024; Baidoo-Anu and Ansah, 2023; Alasadi and Baiz, 2023). At the meso level, some essays discussed how educational institutions should address this rapid change, such as adopting a more open mind to GAI tools and establishing clear guidelines for their use (Alasadi and Baiz, 2023). At a micro level, we also discovered numerous studies analyzing the nuanced effects of applying GAI on teachers and students, such as the changes in teachers' work and roles (Kshetri, 2023), students' learning experience (Stojanov, 2023), behavior and cognitive achievement (Jaboob et al., 2025), and academic achievement (Sun and Zhou, 2024). Given the extensive current user base of GAI tools, a generalized description of usage behavior across such a broad population becomes less accurate and practical. Since tertiary education is considered one of the most affected sectors (Alqahtani et al., 2023) and university students are found to have more accessibility to GAI technology (Chen et al., 2024; Bates et al., 2020), studies specifically concerned about the college students' behavioral intention of GAI services proliferated (Chan and Tsi, 2024; Diao et al., 2024; Strzelecki and ElArabawy, 2024).

Focusing on the adoption behavior of GAI services, various information systems theories have been employed (Dai et al., 2024), which propose potential determinants and explain usage behavior through these determinants and their impact pathways. Through a literature review on AI adoption, the technology acceptance model (TAM) and the unified theory of acceptance and use of technology (UTAUT) are considered as two prominent themes and adoption theories in this specific field (Khanfar et al., 2024).



2.2 Unified theory of acceptance and use of technology (UTAUT)

In 2003, Venkatesh et al. integrated core elements from eight models and prominent theories, and proposed the unified theory of acceptance and use of technology (UTAUT) model to explain new technology adoption, acceptance, and usage (Venkatesh et al., 2003). Learning from theories like TRA, TPB, and TAM, the UTAUT model consists of four moderating variables (experience, voluntariness, gender, and age) and four core variables (performance expectancy, effort expectancy, social influence, and facilitating conditions). Since its introduction, the UTAUT model has been widely applied and tested in many countries and numerous fields, and it has outperformed in predicting the use behavior of novel technologies, including e-learning system (Abbad, 2021). Based on previous literature, we can argue that the UTAUT model was well-tested and its robustness was validated. Thus, a deeper examination of applying UTAUT in behavioral studies on AI use can be expected as the model was utilized only to a limited extent (Khanfar et al., 2024) currently. The classic UTAUT model is shown in Figure 1 below.


[image: Diagram illustrating the relationships in a model. Performance Expectancy (PE), Effort Expectancy (EE), and Social Influence (SI) affect Behavioral Intention (BI) and Use Behavior, with Gender, Age, Experience, and Voluntariness of use as moderating factors. Arrows denote direction of influence.]
FIGURE 1
 UTAUT model.




2.3 Research gaps

A comprehensive review reveals several limitations within previous studies. First, existing studies made valuable attempts to introduce determinants like task-technology fit and habit (Du and Lv, 2024; Sergeeva et al., 2025), but anthropomorphic features of GAI are largely ignored; Second, given the rapid proliferation of GAI tool users subsequent to the launch of ChatGPT, a more nuanced understanding of diverse user groups has become imperative (Strzelecki and ElArabawy, 2024). Observing these, developing a theoretical framework that explains GAI use behavior and covers features arising from the technology and the specific user group is necessary. As stated above, the group of college students is a suitable object for the high coverage of GAI services among them and the prior research accumulation on the education sector.

More specifically, the traditional model of UTAUT is insufficient for describing and predicting the use behavior of AI, because its scope is limited to the use of technologies and cannot explain the complex processes involved in AI adoption (Chi et al., 2020). It is imperative that novel characteristics inherent to Generative Artificial Intelligence (GAI) tools and the unique attributes of college student users are explicitly addressed within the proposed model. Most studies only used a subset of the UTAUT model, and moderators were frequently dropped (Dwivedi et al., 2019), this strategy of extending UTAUT is frequently applied and achieved rather good results (Al-Saedi et al., 2020; Hu et al., 2020). This inspired us to introduce extended determinants and moderators like perceived humanlikeness and domain expertise since these determinants are extracted from the actual use behavior and can be beneficial to the explanatory power of the proposed model. On the other hand, technology acceptance models, including the UTAUT, are interdisciplinary in nature (Wrycza et al., 2017), and this feature allows the UTAUT model to remain effective by extending. Building on these existing gaps, our study is expected to provide a more detailed explanation of GAI adoption and inspire university officers and students to make good use of GAI in the future.

We decided to drop facilitating conditions as a core variable and all moderators, then introduce four determining components, including perceived risk (PR), perceived trust (PT), perceived humanlikeness (PH), personal innovativeness (PI), and another moderator: domain expertise (DE), to better reflect the behavioral intentions of GAI tools among college students. The theoretical basis and hypotheses related to these determinants are explained in the next chapter.




3 Research hypotheses


3.1 Performance expectancy (PE)

Performance expectancy (PE) is defined as “the degree to which an individual perceives that using a system will help him or her to improve job performance” (Venkatesh et al., 2003). In the current study, it can be understood that using GAI tools assists college students in their courses, inquiry learning, etc. A very recent study (Schei et al., 2024) on perceptions and use of AI chatbots among students in higher education shows its significance in AI adoption, and it is also considered the most reliable predictor (Venkatesh et al., 2012). So the following hypotheses are given based on the discussion above:

H1: PE has a positive effect on PI.

H2: PE has a positive effect on behavioral intention (BI).



3.2 Effort expectancy (EE)

Effort Expectancy is the degree of ease associated with the use of the system (Venkatesh et al., 2003). In the context of new technological innovation adoption, this usability is as crucial as functional value (Davis, 1989), so we can hypothesize:

H3: EE has a positive effect on BI.

H4: EE has a positive effect on PI.



3.3 Social influence (SI)

Social Influence (SI) is defined as “the degree to which an individual perceives that important others believe he or she should use the new system” (Venkatesh et al., 2003). In the current study, we can assume that college students will have a stronger intention to try GAI tools if their close friends or professors are using these tools and have positive feedback. Therefore, our hypotheses are as follows:

H5: SI has a positive effect on BI.

H6: SI has a positive effect on PI.



3.4 Perceived trust (PT)

Perceived trust can be described as believing that the service (i.e., GAI tools here) is reliable and safe to adopt (Al-Saedi et al., 2020), and it is one of the leading success factors that affect the adoption of a new information system (Sharma and Sharma, 2019; Leschanowsky et al., 2024). Assuming college students who trust AI tools more will have a stronger intention to apply them, we can hypothesize that:

H7: PT has a positive effect on BI.



3.5 Perceived risk (PR)

Perceived risk was originally proposed by Bauer (1967) in consumer behavior studies. In this study, it can be defined as users' expectations of potential problems following the adoption of AI tools (Lee, 2009). Prior studies have revealed the effect of perceived risk on users' intention to use AIGC-assisted design tools, including concerns about ethics (Wu et al., 2023) and privacy (Chen et al., 2023). Perceived risk might negatively influence behavioral intention since users tend to be risk-averse, and introducing perceived risk helps to understand concerns and worries among college students facing GAI. So we can propose that:

H8: PR has a negative effect on BI.



3.6 Perceived humanlikeness (PH)

Perceived humanlikeness is related to users' responses to an entity with human-like features (Kim et al., 2022), or more specifically, whether human-like features will affect college students' intentions of using AI tools in this study. Human-like characteristics are generally categorized into appearances, thoughts, and emotions (Ruijten et al., 2019). According to scholars, the current human-AI interaction is evolving to foster emotional connections and imitate cognitive processes (Kang and Kang, 2024; Seok et al., 2025). Some studies claimed this determinant shows a positive effect on people's engagement with robots (Chidambaram et al., 2012) and people's trust (Park et al., 2024; Glikson and Woolley, 2020). However, contradictory results also indicate that creepiness toward AI chatbots can also increase as they become more anthropomorphized based on theories like Computers are social actors (CASA) paradigm (Seok et al., 2025; Konya-Baumbach et al., 2023), and that might trigger negative emotions and promote conservative decision-making. So we can hypothesize that:

H9: PH has a positive effect on PR.

H10: PH has a positive effect on PT.

H11: PH has a positive effect on BI.



3.7 Personal innovativeness (PI)

Personal innovativeness is defined as “a predisposition or attitude describing a salesperson's learned and enduring cognitive evaluations, emotional feelings, and action tendencies toward adopting new information technologies” by Schillewaert et al. (2005). This predictor has obtained support from studies across disciplines, including studies on mobile payment (Patil et al., 2020), E-learning (Twum et al., 2022), etc. So, we can formulate a hypothesis here:

H12: PI has a positive effect on BI.



3.8 Domain expertise (DE) as a moderator

Based on Dreyfus and Dreyfus (1986), gaining expertise in a domain is defined as going beyond ordinary learning from rule-based and fact-based “knowing that” toward experience-based “knowing how.” Domain expertise can be considered as an assessment of an individual's knowledge of applying a technology (Bhagat and Sambargi, 2019). Users with domain expertise can use a technology effectively without much concern because of knowing the mechanism or principles behind it. Although most GAI tools tried to be user-friendly and users can use their service in the form of chatting, the mechanism behind these AI models remains unfamiliar and similar to a black box to most users, and we guess that college students will have a stronger intention to give AI tools a try if they have the expertise in AI sector, and some studies on algorithms (Mahmud et al., 2024; Turel and Kalhan, 2023) verified this suspicion. We can hypothesize that:

H13: The relationship between PI and BI is moderated by DE.




4 Method


4.1 Measurement instruments

To conclude, we made a few changes to reflect the special features of GAI services for university students. Figure 2 illustrates this extended model below, arrows between different determinants represent research hypotheses as stated above.


[image: Diagram showing a model of behavioral intention (BI) influenced by determinants from UTAUT and additional factors. Performance Expectancy (PE), Effort Expectancy (EE), and Social Influence (SI) directly impact Personal Innovativeness (PI) and BI. Domain Expertise (DE) affects PI, while Perceived Humanlikeness (PH) influences Perceived Trust (PT) and Perceived Risk (PR), which both impact BI. Gray shading differentiates extended determinants and moderators from UTAUT determinants.]
FIGURE 2
 Research model.


Following the procedures by DeVellis (2003), we prepared 3–5 questions for each variable to measure its effect, and most of them are based on previous studies. A Seven-point Likert was adopted to quantify the construct. Inspired by Hair et al. (2012), a pilot study was conducted to check the reliability and the validity of the questionnaire, showing a return rate of 77.0% (n = 100, 100 pretest questionnaires distributed). After reliability and validity analyses, we verified the effectiveness of our solution. It is worth mentioning that this survey is for Chinese college students, and we distributed the Chinese version developed by translation experts to our participants for adequate understanding. The formal questionnaire with a parallel Chinese version is attached in Appendix A.



4.2 Data collection and descriptive analysis

The target respondents are Chinese college students with GAI services experience. Our questionnaire was distributed on the wjx.cn platform, a data analysis platform with over 60% market share in China, to obtain information. On bias mitigation, by specifying our requirements on participants, only registered Chinese college students on this platform can be selected. Additionally, all participants need to confirm their basic information and GAI experience prior to answering questions. Therefore, we can ensure all participants satisfy our requirements. Ultimately, probability sampling was employed to mitigate bias and minimize the confounding effect.

The formal survey was conducted between April 11 and April 20, 2024. A total of 433 answers were collected, and we deleted some answers because they were completed in an either too long or too short time, or given by GAI freshmen (answered “I do not have GAI use experience”). As a result, 378 valid questionnaires were returned, for a valid return rate of 87.2%, which meets the requirement of AMOS software that the number of samples should be 10 times the measurement questions.

The basic information of the participants was as follows: male respondents accounted for a relatively large proportion of the sample, 60.3%, while females accounted for 39.7%. In terms of education level, undergraduate students accounted for the highest proportion of 80.7%, master's and doctoral students accounted for 14.5%, and junior college students accounted for 4.8%. In terms of major, 76.5% of the students studied science, medicine, and engineering, and 23.5% of the participants majored in arts and social sciences. From a regional perspective, the sample covered 15 provinces across China, with Hunan Province accounting for the highest proportion.




5 Results

Our analysis was arranged using the two-step approach developed by Anderson and Gerbing (1988). We employed IBM SPSS AMOS (v. 26) to perform structural equation modeling (SEM), which is a comprehensive tool employed to test both the reliability and validity of the measures of theoretical constructs and the hypothesized relationships between determinants (Barclay et al., 1995; Hair et al., 2010). Since DE was introduced as a moderator, this analysis also should include another step: Analyzing the moderating effect (see Appendix for brevity).


5.1 Measurement model

Reliability testing is used to verify the consistency and stability of the scale, and validity testing is used to show the extent to which the scale reveals the features, reflecting the accuracy and usefulness of the scale. After the literature review, factor loadings, composite reliability (CR), average variance extracted (AVE), Corrected item-total correlation (CITC), cross-loadings criteria, and Cronbach's alpha values are adopted as quality criteria. The results are as Tables 1, 2 shown.

TABLE 1 Quality criteria and factor loadings.


	Variable
	Items
	Loadings
	CR
	AVE
	CITC (original)
	CITC (after revision)
	Cronbach's alpha





	PE
	PE1
	0.946
	0.952
	0.869
	0.907
	–
	0.949


 
	
	PE2
	0.973
	
	
	0.924
	
	


 
	
	PE3
	0.875
	
	
	0.858
	
	

 
	EE
	EE1
	0.901
	0.892
	0.735
	0.802
	–
	0.888


 
	
	EE2
	0.883
	
	
	0.821
	
	


 
	
	EE3
	0.783
	
	
	0.722
	
	

 
	SI
	SI1
	0.71
	0.88
	0.713
	0.659
	–
	0.871


 
	
	SI2
	0.897
	
	
	0.805
	
	


 
	
	SI3
	0.91
	
	
	0.801
	
	

 
	BI
	BI1
	0.913
	0.955
	0.842
	0.885
	–
	0.955


 
	
	BI2
	0.88
	
	
	0.866
	
	


 
	
	BI3
	0.922
	
	
	0.894
	
	


 
	
	BI4
	0.955
	
	
	0.918
	
	

 
	PI
	PI1
	0.934
	0.899
	0.749
	0.800
	–
	0.884


 
	
	PI2
	0.924
	
	
	0.857
	
	


 
	
	PI3
	0.723
	
	
	0.701
	
	

 
	PH
	PH1
	0.891
	0.927
	0.809
	0.846
	–
	0.927


 
	
	PH2
	0.913
	
	
	0.862
	
	


 
	
	PH3
	0.893
	
	
	0.843
	
	

 
	PT
	PT1
	0.788
	0.899
	0.641
	0.719
	–
	0.898


 
	
	PT2
	0.836
	
	
	0.719
	
	


 
	
	PT3
	0.836
	
	
	0.781
	
	


 
	
	PT4
	0.812
	
	
	0.770
	
	


 
	
	PT5
	0.727
	
	
	0.678
	
	

 
	PR
	PR1
	-
	0.846
	0.649
	0.566
	Dropped
	0.841


 
	
	PR2
	0.786
	
	
	0.773
	0.694
	


 
	
	PR3
	0.887
	
	
	0.758
	0.760
	


 
	
	PR4
	0.736
	
	
	0.618
	0.671
	






TABLE 2 Square root of AVE (in bold on diagonal).


	
	PE
	EE
	SI
	BI
	PI
	PH
	PT
	PR





	PE
	0.932
	
	
	
	
	
	
	

 
	EE
	0.582
	0.857
	
	
	
	
	
	

 
	SI
	0.676
	0.665
	0.844
	
	
	
	
	

 
	BI
	0.761
	0.643
	0.837
	0.918
	
	
	
	

 
	PI
	0.708
	0.672
	0.797
	0.89
	0.866
	
	
	

 
	PH
	0.243
	0.216
	0.349
	0.277
	0.357
	0.899
	
	

 
	PT
	0.428
	0.353
	0.489
	0.457
	0.51
	0.675
	0.801
	

 
	PR
	0.188
	0.226
	0.208
	0.248
	0.249
	0.206
	0.131
	0.805






The measurement model was assessed for construct reliability, indicator reliability, convergence validity, and discriminant validity (Baptista and Oliveira, 2015; Ustun et al., 2024). Based on the results, all Cronbach's alpha and CR are greater than 0.80, suggesting strong construct reliability (Straub, 1989); All loadings are higher than 0.7, suggesting indicator reliability (Churchill, 1979); The convergence validity was tested with AVE, and it is proven as all constructs compared positively against the minimum acceptable value of 0.50 (Fornell and Larcker, 1981).

To test the discriminant validity, CITC, the square root of the AVE, and maximum likelihood estimation (MLE) are applied. The original CITC indicates that PR1 failed to pass the test, and it was dropped. CITC of PR2, PR3, and PR4 remains greater than 0.6 (Ustun et al., 2024) after the revision. Simultaneously, Table 2 shows the square root of the AVE in bold along the diagonal and is greater than its correlations with the rest of the constructs (Fornell and Larcker, 1981); For further MLE, the data were also tested for normality. The results showed that the absolute values of the skewness of variables in the model were all less than 2, which was lower than the reference value of 3; the absolute values of the kurtosis were all less than 7, which was lower than the reference value of 8. Results can verify that the data distribution conforms to the normal distribution, and the MLE can be employed to examine the model. The MLE results are shown in Table 3, as the χ2/df of the model is 3.323, GFI (goodness-of-fit index) is 0.836, and AGFI (adjusted goodness-of-fit index) is 0.81, which are acceptable for the complexity of our model; and the rest of the indicators of RMSEA (root-mean-square error of approximation), CFI (Comparative Fit Index), NFI (normed-fit index), and IFI (incremental fit index) are all within the good standard. Therefore, CITC, the square root of the AVE, and MLE verify the discriminant validity among variables successfully. Another sensitive and reliable indicator is Heterotrait-Monotrait (HTMT) ratio, and our findings remained robust because all HTMT figures are lower than the required threshold figures of 0.80.

TABLE 3 Maximum likelihood estimation.


	
	χ2/df
	RMSEA
	GFI
	AGFI
	CFI
	NFI
	IFI





	Model
	3.323
	0.078
	0.836
	0.81
	0.929
	0.902
	0.929

 
	Good standard
	<3
	<0.08
	>0.9
	>0.8
	>0.9
	>0.9
	>0.9

 
	Acceptable standard
	<5
	
	>0.8
	
	>0.85
	>0.85
	>0.85

 
	Result
	Acceptable
	Good
	Acceptable
	Good
	Good
	Good
	Good






The measurement model results indicate that the model has adequate construct reliability, indicator reliability, convergence validity, and discriminant validity, and it conforms to the normal distribution. We can conclude that the constructs are statistically distinct and it is suitable for further structural model testing.



5.2 Structural model

The structural model is the next step after confirming the measurement model, and it consists of three tests on path coefficients, mediation effects, and moderating effects (see Appendix). We analyze path coefficients (β) and p-values of proposed hypotheses, and the results are shown in Table 4. Simultaneously, we filled all results into Figure 3, and marked path coefficients for each hypothesis to visualize the result of the path analysis. Arrows using dashed lines mean this hypothesis is not supported by the test.

TABLE 4 Path coefficients and p-value.


	Hypothesis
	Path
	Path coefficient (β)





	H1
	PI
	←
	PE
	0.281***

 
	H2
	BI
	←
	PE
	0.061**

 
	H3
	PI
	←
	EE
	0.616***

 
	H4
	BI
	←
	EE
	0.266***

 
	H5
	PI
	←
	SI
	0.094**

 
	H6
	BI
	←
	SI
	−0.037

 
	H7
	BI
	←
	PT
	0.022

 
	H8
	BI
	←
	PR
	0.01

 
	H9
	PR
	←
	PH
	0.218***

 
	H10
	PT
	←
	PH
	0.738***

 
	H11
	BI
	←
	PH
	−0.055**

 
	H12
	BI
	←
	PI
	0.722***





*p < 0.1, **p < 0.05, ***p < 0.01.





[image: Flowchart illustrating relationships between various factors. Performance Expectancy, Effort Expectancy, and Social Influence affect Personal Innovativeness and Behavioral Intention. Behavioral Intention is influenced by Domain Expertise and Perceived Trust. Arrows indicate relationships with significance levels: single, double, and triple asterisks. Perceived Humanlikeness affects Perceived Trust and Perceived Risk, which also influences Behavioral Intention. Dotted lines show negative paths or non-significant relationships.]
FIGURE 3
 Research model (path coefficients marked).


From the test results, personal innovativeness (PI), effort expectancy (EE), performance expectancy (PE), and personal humanlikeness (PH) were statistically significant in explaining behavioral intention; PE, EE, and SI were proved to have a positive effect on PI, this reveals that college students' innovativeness is under the influence of the effectiveness, convenience and other people around them using generative AI tools, and the ease of use of tools is more important. H6, H7, and H8 showed no statistical significance after the test, indicating that the effects of SI, PT, and PR were not supported by the data. At the same time, we found that H9 and H10 were verified by the data, namely, PH has a significant influence on students' PT and PR, this finding means that when students are aware of the human-like behavior of generative AI, it has a dual impact on their attitude toward it, and this feature foster more trust than fear among participants as H10 has a higher path coefficient compared to H9.

We analyzed the mediation effect of PI using the Bootstrap resampling method (Fornell and Larcker, 1981) for a comprehensive evaluation of the structural model, and PI is estimated to have mediation effects on PE-BI and EE-BI. After the estimation with 1,000 iterations of resampling, the results are summarized in Table 5.

TABLE 5 Mediation effect.


	Hypothesis
	Effect
	Effect size
	Bias-corrected 90% confidence interval
	Percentile 90% confidence interval





	
	
	
	Lower
	Upper
	Lower
	Upper

 
	H2
	Total effect
	0.27
	0.188
	0.366
	0.181
	0.357


 
	
	Direct effect
	0.057
	0
	0.118
	−0.003
	0.115


 
	
	Indirect effect
	0.213
	0.133
	0.3
	0.133
	0.3

 
	H4
	Total effect
	0.655
	0.557
	0.754
	0.565
	0.762


 
	
	Direct effect
	0.239
	0.11
	0.345
	0.116
	0.355


 
	
	Indirect effect
	0.416
	0.309
	0.547
	0.308
	0.543





The path effects in the table are unstandardized effects.




By analyzing the path between PE and BI, it was found that the bias-corrected 90% confidence interval and 90% percentile confidence interval of the total effect did not contain 0, proving that the total effect between PE and BI was significant, with the effect size of 0.27; The bias-corrected 90% confidence interval and 90% percentile confidence interval of the direct effect contained 0, i.e., the direct effect between PE and BI does not exist; The bias-corrected 90% confidence interval and 90% percentile confidence interval of the indirect effect did not contain 0, i.e., the indirect effect between PE and BI exists. The analysis illustrates the full mediation effect of PI on the path between PE and BI.

By analyzing the path between EE and BI, it was found that the bias-corrected 90% confidence interval and 90% percentile confidence interval of the total effect did not contain 0, proving that the total effect between PE and BI was significant, with the effect size of 0.655; the bias-corrected 90% confidence interval and 90% percentile confidence interval of the direct effect and the indirect effect did not contain 0, i.e., the direct effect and the indirect effect both have significance. The analysis shows the partial mediation effect of PI on the path between EE and BI.




6 Discussion


6.1 Determinants from original UTAUT model

Among the three variables of PE, EE, and SI in the UTAUT model, PE and EE was found to have a significant positive impact on BI, which aligns with similar research on Pakistani university students (Shahzad et al., 2025). In contrast, SI did not exhibit significant effects, indicating that college students' perceived proficiency in using generative AI tools significantly and positively influences their willingness to adopt these tools. It is reasonable to speculate that PE and EE's positive impact on BI is partly mediated through PI based on our examination, because extant literature has elucidated that the assistance of GAI can improve the education outcomes of students in different scales and contexts, which could lead to higher motivation (Lo et al., 2025; Chiang et al., 2025). SI also failed to predict BI in another similar study conducted among UK students (Siu and White, 2025), suggesting that this item needs different measurements for the use behavior of GAI.

Although PE exhibited a positive effect on BI, this impact was not statistically significant, and some studies reached the same results (Utomo et al., 2021). SI demonstrated a negative effect on BI. This finding is contrary to the classic UTAUT hypothesis, but similar to a previous study on the use of e-wallets (Tusyanah et al., 2021), and some studies also found this variable to be non-significant (Abbad, 2021). A potential explanation is that as more institutional instructions and regulations are introduced, the endorsement from institutions and lecturers may play a more crucial role in the adoption of GAI among college students, which results in the increased weight of “perceived pedagogical fit” and the diminishing influence of peers and media (Lo et al., 2025; Chiu et al., 2024). Consequently, measurement instruments should be refined to capture this specific institutional influence rather than focusing on the traditional concept of trust if that is the case.



6.2 Extended determinants

The model analysis shows that the PH has a significant effect, while the PT and PR have no significant impact on the BI. As a unique feature in the field of AI, PH has a good explanatory power in the current study, which shows the necessity of introducing this determinant. Contrary to this study's hypothesis, PH was verified to exert a negative effect on BI. It is also noteworthy that PH shows positive effects on both PT and PR after the test, which illustrates the complex and contradictory attitudes of the users, and offers a more in-depth understanding of anthropomorphism than a simple relation with trust by extant research in Korea (Kim et al., 2025). More nuanced research emphasized the importance of mixed solutions, i.e., GAI teaching assistance under the supervision of teachers, on enhancing students' motivation (Neji et al., 2023; Chan et al., 2024). Our results support the effectiveness of human-AI collaboration from the opposite side.

The test validated the positive effect of PI on the BI, and its path coefficient (β) reached 0.772, which is very significant. This is completely consistent with the definition and assumption that people with innovative traits are more eager to try new technologies such as generative AI services. The H13 that DE will have the moderating effect on the path between PI and BI was not verified, this indicates that the role of PI in promoting the intention to use generative AI tools is not moderated by DE In particular, our study confirmed the positive effects of PE and EE on PI. It appears that good experience and result feedback make innovative behavior (in this study, using generative AI tools) valuable and conducive to college students to complete tasks, and effortless usage also lowers the barrier to innovation. These two possible factors likely work in concert to stimulate users' innovative motivation and activate their inherent innovative traits.



6.3 Other findings

This study also conducted a moderation effect test (see Appendix B), taking gender and educational background as control variables, and launched the moderating effect test based on acquired data to examine if the two variables have a significant effect on other variables. According to our report, different attitudes and motivations of college students exist toward the use of generative AI tools. However, it is still reasonable to study it as a whole.




7 Conclusion

This study refines the classical UTAUT model, thereby constructing a model that can better describe the use behavior of generative AI tools by introducing variables such as PH and PR. The proposed model was validated and refined by using quantitative analysis methods with the data acquired from Chinese college students, and it provides novel insights into factors driving university students' behavioral intention to use GAI. The results suggest that EE and PI have the most significant positive effect on BI, and PE also has an effect on willingness to use through the mediation of PI. Our analysis confirms the key facilitating factors behind GAI behavioral intentions.

Notably, some of the hypotheses from the classic UTAUT model failed to be proved in the structural model evaluation, such as H2 and H6. Among the extended variables in the current study, the test shows that the positive effects of PH, PT, and PR on BI, and the moderating effect of DE do not have statistical significance. This finding rejects the effectiveness of education replacing teachers with GAI tutors and appeals for a balance between human and AI in the education sector. However, more in-depth research on this point needs to be conducted. Furthermore, the college students' attitude toward GAI is illuminated by the results here, as PH both increased PT and PR.

Given our findings, being easy-to-use and productive remain key features for attracting college users, and most of the current GAI models adopt a user-friendly design and an interaction way similar to instant messaging software. For universities that are ambitious in promoting GAI among students, it is necessary to strike a balance between teaching staff and AI assistants, and to explore integrations with existing teaching resources, thus attracting students with performance and pedagogical fit. Simultaneously, both universities and technology companies should act cautiously regarding the issue of humanlikeness, as our study reveals that student attitudes are ambivalent and that PH can adversely influence motivation to use.

This study also has limitations that need to be addressed. More appropriate solution to verify CB-SEM sample adequacy and introducing more effective variance mitigation methods is still necessary. The number of participants in our survey is limited, and the heterogeneity of samples is not adequately considered since most of them are from Chinese universities. Previous research mentioned that individuals' cultural background can influence people's predispositions to anthropomorphize (Ruijten et al., 2019), and it might affect the determinant of PH. For further studies, we suggest including a larger and more culturally diverse participant pool, which might provide more generalizable and nuanced insights.
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