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Abstract
The increasing presence of generative artificial intelligence (GenAI) in university learning environments has created new opportunities for information acquisition, academic support, and personalized learning. This study explored the determinants of students’ willingness to continue using GenAI tools in higher education by extending the Technology Acceptance Model. Three antecedent variables, namely perceived usefulness, perceived ease of use, and trust in AI systems, were examined. Data were collected from 318 university students who had prior experience with GenAI applications and analyzed using reliability testing, correlation analysis, and multiple regression techniques. The findings demonstrated that all three factors were positively associated with students’ intention to use GenAI tools. Among them, perceived usefulness exerted the greatest influence, indicating that students place considerable emphasis on the academic value and learning benefits provided by AI-assisted technologies. Ease of use also contributed to stronger usage intentions, suggesting that intuitive interaction and accessibility remain important considerations. In addition, confidence in the reliability of AI-generated outputs was found to encourage continued adoption. These results highlight the combined roles of functional value, usability, and trust in shaping students’ engagement with GenAI. The study offers empirical evidence for understanding AI adoption in educational settings and may inform the design and implementation of student-oriented AI learning support systems.
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1. Introduction
The emergence of generative artificial intelligence (GenAI) has rapidly transformed the landscape of digital learning. Tools such as ChatGPT, Gemini, and Claude are increasingly being used by university students to support information searching, content generation, problem solving, and academic writing[1, 2]. Unlike conventional educational technologies that primarily facilitate access to learning resources, GenAI systems can actively generate responses, explanations, and recommendations, creating new forms of interaction between learners and technology. As these applications become more accessible, their influence on learning behaviors and educational practices continues to expand.
Higher education institutions have shown growing interest in integrating GenAI into teaching and learning activities[3, 4]. Students frequently employ these tools to summarize course materials, clarify complex concepts, develop project ideas, and improve learning efficiency. The ability of GenAI systems to provide immediate and personalized support has made them attractive learning companions in a wide range of academic contexts. Nevertheless, concerns remain regarding the quality of AI-generated content, the potential spread of inaccurate information, ethical issues related to academic integrity, and excessive reliance on automated assistance[5, 6]. These opportunities and challenges have generated substantial debate regarding how students perceive and adopt GenAI technologies within educational environments.
Understanding the factors that shape students’ willingness to use GenAI is essential for the successful implementation of AI-supported learning initiatives. The effectiveness of any educational technology depends not only on its technical capabilities but also on users’ perceptions and acceptance. Students may be reluctant to adopt AI tools if they consider them difficult to operate, unreliable, or lacking meaningful educational value. Consequently, identifying the determinants of GenAI acceptance has become an important research topic for educators, administrators, and technology developers seeking to maximize the educational benefits of AI applications.
Among the theoretical frameworks used to explain technology adoption, the Technology Acceptance Model (TAM) remains one of the most influential. The model suggests that individuals’ intentions to use a technology are largely determined by their perceptions of its usefulness and ease of use. Extensive research has demonstrated the applicability of TAM across diverse educational technologies, including online learning systems, mobile learning platforms, and digital instructional resources[7, 8]. Given the increasing prevalence of GenAI in higher education, TAM offers a suitable foundation for examining students’ adoption behavior in this emerging technological context.
However, generative AI differs from many traditional information systems because it autonomously produces content rather than merely transmitting or organizing existing information. As a result, users often evaluate not only the functionality of the technology but also the credibility of its outputs. Trust therefore represents an important dimension of AI adoption. Students who regard AI-generated responses as accurate, dependable, and trustworthy may be more inclined to integrate these tools into their academic activities, whereas skepticism regarding reliability may reduce their willingness to use them. Incorporating trust into the TAM framework may therefore provide a more comprehensive explanation of students’ acceptance of GenAI technologies[9, 10].
Accordingly, this study investigates university students’ intentions to use generative AI tools in higher education by examining the roles of perceived usefulness, perceived ease of use, and trust in AI. Drawing on the Technology Acceptance Model, the study develops and tests a research framework that explains how these factors influence behavioral intention. The findings are expected to contribute to the growing body of literature on AI-supported learning and provide practical guidance for promoting the effective and responsible use of generative AI in higher education.

2. Literature Review and Hypothesis Development
2.1 Technology Acceptance Model
Research on information technology adoption has long emphasized the importance of users’ perceptions in shaping behavioral responses toward new systems. Among the theoretical perspectives developed to explain technology usage, the Technology Acceptance Model (TAM) provides a parsimonious and empirically validated framework for understanding why individuals choose to embrace or reject technological innovations. The model proposes that users form intentions toward a technology based on their evaluations of its practical value and operational simplicity, which subsequently influence actual usage behavior.
Over the past decades, TAM has been applied extensively in educational research to explain students’ adoption of learning management systems, online learning platforms, mobile applications, and other digital learning tools. As generative artificial intelligence becomes increasingly embedded in academic environments, TAM offers an appropriate theoretical lens for examining students’ responses to this emerging technology[11, 12]. Given that GenAI tools are often used to support learning, content creation, and information processing, students’ perceptions of their usefulness and ease of interaction are expected to play important roles in shaping adoption decisions.
2.2 Perceived Usefulness and Behavioral Intention
A key assumption of TAM is that individuals are more likely to use a technology when they believe it contributes positively to task accomplishment. Within higher education settings, students often evaluate technologies according to their ability to improve learning outcomes, increase productivity, or simplify academic work. Generative AI applications provide support in activities such as information retrieval, idea generation, summarization, and writing assistance, potentially enhancing both learning efficiency and academic performance[13, 14].
When students perceive that AI tools help them achieve educational goals more effectively, they are more likely to regard these technologies as valuable resources. Such perceptions may strengthen their motivation to incorporate AI into routine academic activities and encourage continued usage. Existing research on educational technologies has repeatedly shown that perceived benefits are among the strongest drivers of technology adoption. Therefore, students who recognize meaningful academic advantages from using GenAI tools are expected to demonstrate stronger intentions to use them.
H1: Perceived usefulness positively influences students’ behavioral intention to use generative AI tools in higher education.
2.3 Perceived Ease of Use and Behavioral Intention
The complexity of a technological system often affects users’ willingness to adopt it. Technologies that are intuitive and require limited effort to learn are generally associated with higher acceptance levels. Generative AI platforms typically rely on conversational interfaces that enable users to communicate through natural language, reducing the need for specialized technical skills[15].
For university students, the ability to obtain assistance quickly and interact with AI systems in a straightforward manner may enhance the overall user experience. When students encounter fewer difficulties during operation, they are more likely to perceive the technology positively and integrate it into their learning activities. Conversely, systems that are perceived as cumbersome or difficult to understand may discourage usage regardless of their potential benefits. Accordingly, perceptions of ease and convenience are expected to contribute to students’ willingness to adopt GenAI tools.
H2: Perceived ease of use positively influences students’ behavioral intention to use generative AI tools in higher education.
2.4 Trust in AI and Behavioral Intention
Beyond functionality and usability, users often consider whether a technology can be relied upon when making adoption decisions. This consideration is particularly relevant in the context of generative AI because these systems produce original outputs rather than simply delivering stored information. As a result, users must evaluate the credibility, consistency, and dependability of AI-generated content before deciding whether it can be used for academic purposes.
Trust becomes especially important when students rely on AI-generated responses to support learning activities, complete assignments, or obtain explanations of complex concepts. A higher level of confidence in the accuracy and reliability of AI outputs may increase students’ willingness to engage with such technologies. In contrast, concerns regarding misinformation, biased responses, or fabricated content may reduce acceptance and limit usage intentions.
Recent studies on artificial intelligence adoption have increasingly emphasized trust as a critical factor influencing user behavior[10, 16, 17]. In educational settings, trust may serve as an important psychological mechanism linking students’ evaluations of AI systems to their intentions to use them. Therefore, students who perceive AI technologies as trustworthy are expected to demonstrate stronger behavioral intentions toward their continued use.
H3: Trust in AI positively influences students’ behavioral intention to use generative AI tools in higher education.

3. Methods
3.1 Research Framework
This study adopted a quantitative approach to examine factors associated with university students’ acceptance of generative AI technologies. Based on the proposed conceptual framework, perceived usefulness, perceived ease of use, and trust in AI were treated as independent variables, whereas behavioral intention served as the dependent variable. A survey-based design was selected because it enables the collection of standardized data from a relatively large group of participants and facilitates statistical examination of relationships among constructs.
3.2 Sample and Data Collection
The study targeted students enrolled in higher education institutions who had previous experience using generative AI applications. To ensure meaningful responses, only individuals who had interacted with AI systems such as ChatGPT, Gemini, Claude, or related tools were invited to participate.
Data were gathered through an online questionnaire distributed via university networks and social media channels commonly used by students. Prior to participation, respondents were informed of the academic purpose of the study and assured that all information would remain anonymous and confidential.
A total of 342 questionnaires were returned. After screening for incomplete submissions and invalid responses, 318 questionnaires were retained for analysis, yielding a valid response rate of 92.98%.
3.3 Instrument Development
The survey instrument consisted of demographic questions and measurement items related to the research constructs. Demographic variables included gender, academic standing, and frequency of AI usage.
Measurement items were adapted from established technology adoption literature and revised to reflect the context of generative AI in higher education. Each construct was measured using four indicators. Responses were recorded on a five-point Likert scale ranging from 1 (strongly disagree) to 5 (strongly agree). Higher scores reflected stronger agreement with the corresponding statements.
Prior to formal data collection, a pilot study involving 30 students was conducted to assess item clarity and comprehensibility. Feedback from participants was used to refine wording and improve questionnaire quality.
3.4 Statistical Procedures
Data analysis was performed using IBM SPSS Statistics 27.0. Descriptive statistics were first employed to summarize participant characteristics. Reliability was assessed through Cronbach’s alpha coefficients, while construct validity was examined using the Kaiser–Meyer–Olkin measure and Bartlett’s test of sphericity.
Subsequently, Pearson correlation analysis was conducted to evaluate associations among the study variables. Multiple regression analysis was then performed to determine the relative contribution of perceived usefulness, perceived ease of use, and trust in AI to students’ behavioral intention toward generative AI adoption.

4. Results
4.1 Respondent Profiles and Demographics
The dataset yielded 318 fully validated survey responses for final empirical screening. Summarized in Table 1, the sex distribution of the sample comprises 54.7% female scholars and 45.3% male scholars. In terms of academic standing, the breakdown includes freshmen at 23.9%, sophomores at 26.4%, juniors at 25.5%, seniors at 16.7%, and postgraduates at 7.5%. This stratification reveals that undergraduate cohorts constitute the primary block of participants. Regarding the frequency of technical interactions, a predominant share of respondents declared deploying generative artificial intelligence applications on a daily basis or several times throughout a single week, illustrating an extensive familiarity with automated learning systems within this group.
Table 1. Demographic Characteristics of Respondents (N = 318)
	Variable
	Category
	Frequency
	Percentage (%)

	Gender
	Male
	144
	45.3

	
	Female
	174
	54.7

	Academic Level
	First Year
	76
	23.9

	
	Second Year
	84
	26.4

	
	Third Year
	81
	25.5

	
	Fourth Year
	53
	16.7

	
	Postgraduate
	24
	7.5

	AI Usage Frequency
	Occasionally
	63
	19.8

	
	Several Times per Month
	48
	15.1

	
	Several Times per Week
	126
	39.6

	
	Daily
	81
	25.5



4.2 Reliability and Validity Assessment
The internal consistency of the psychometric scales was verified via Cronbach’s alpha estimation. As detailed in Table 2, all conceptual dimensions exhibited robust stability, with alpha coefficients spanning from 0.821 up to 0.903, comfortably outstripping the standard 0.70 benchmark. Structural soundness and sample adequacy were concurrently evaluated via the Kaiser–Meyer–Olkin (KMO) index alongside Bartlett’s test of sphericity. The global KMO index reached 0.901, representing a highly optimal sampling density. Furthermore, Bartlett’s test reached statistical significance ( = 2145.36, p < 0.001), corroborating that the covariance structures are thoroughly appropriate for exploratory factor deployment. Collectively, these readouts substantiate that the measurement instrument possesses satisfactory reliability and validity for downstream modeling. 


Table 2. Reliability and Validity Results
	Construct / Test
	Number of Items
	Statistical Value
	Result / Interpretation

	Reliability Analysis (Cronbach's )
	
	
	

	Perceived Usefulness (PU)
	4
	0.903
	Excellent Reliability

	Perceived Ease of Use (PEOU)
	4
	0.865
	Good Reliability

	Trust in AI (TR)
	4
	0.821
	Good Reliability

	Behavioral Intention (BI)
	4
	0.887
	Good Reliability

	Validity Test
	
	
	

	Kaiser-Meyer-Olkin (KMO)
	—
	0.901
	Excellent Adequacy

	Bartlett's Test of Sphericity )
	—
	2145.36
	—

	Significance ()
	—
	<0.001
	Highly Significant


The findings indicate that the measurement instrument possessed acceptable reliability and validity for subsequent analyses.

4.3 Correlation Mapping
To explore the preliminary directional links linking the targeted variables, a Pearson correlation analysis was executed. The resulting bivariate associations are detailed in Table 3. The statistical matrix unveiled highly significant, positive linkages across all analyzed variables. Specifically, perceived utility manifested the tightest association with user behavioral intentions (r = 0.701, p < 0.01), followed in descending order by user-perceived operational ease (r = 0.612, p < 0.01) and systemic trust (r = 0.585, p < 0.01). These foundational correlations yield immediate, initial corroboration for the formulated research hypotheses. 

Table 3. Correlation Matrix
	Variable
	PU
	PEOU
	TR
	BI

	PU
	1
	—
	—
	—

	PEOU
	0.572**
	1
	—
	—

	TR
	0.496**
	0.438**
	1
	—

	BI
	0.701**
	0.612**
	0.585**
	1


Note: p < 0.01.

4.4 Hypothesis Verification and Path Analysis
An ordinary least squares (OLS) multiple linear regression analysis was instituted to quantify the concurrent impacts of perceived utility, operational ease, and systemic trust on students' overarching adoption drive. Prior to establishing the path coefficients, collinearity diagnostics were rigorously checked. Every calculated Variance Inflation Factor (VIF) registered below the critical cutoff of 3.0, proving that internal multicollinearity does not distort the regression matrix. The structural readouts are summarized in Table 4. 

Table 4. Multiple Regression Analysis
	Predictor
	
	
	
	VIF

	Perceived Usefulness (PU)
	0.452
	8.964
	<0.001
	1.78

	Perceived Ease of Use (PEOU)
	0.271
	5.217
	<0.001
	1.63

	Trust in AI (TR)
	0.223
	4.582
	<0.001
	1.42

	Model Statistics
	Value

	
	0.624

	Adjusted 
	0.620

	F-value
	173.84

	Significance
	<0.001



The aggregate regression configuration accounted for 62.4% of the total variance observed in behavioral intention ( = 0.624). The absolute model achieved strong statistical significance (F = 173.84, p < 0.001), indicating a potent degree of overall explanatory capabilities. Perceived usefulness yielded the most pronounced positive leverage on usage intentionality ( = 0.452, p < 0.001), implying that learners who recognize substantial scholastic advantages in generative AI applications exhibit a stronger propensity to adopt them in their subsequent workflows. Concurrently, perceived ease of interaction displayed a substantial positive coefficient ( = 0.271, p < 0.001), verifying that low-friction software experiences directly foster student adoption. Furthermore, systemic trust in AI exerted a statistically meaningful positive drive on usage intentions ( = 0.223, p < 0.001), underlining that confidence in the accuracy and epistemic credibility of automated text synthesis remains essential. 
In summation, the empirical findings validate all three proposed theoretical expectations. Hypotheses H1, H2, and H3 are fully sustained, establishing that perceived utility, systemic ease of use, and trust are foundational antecedents orchestrating university student acceptance of generative AI applications within the tertiary landscape. Among these, perceived pragmatic value serves as the single most critical determinant, validating the pragmatic, goal-driven approach students adopt when evaluating artificial intelligence in education. 

Discussion
5.1 Perceived Usefulness as the Most Influential Determinant of Adoption Intention
The present study found that perceived usefulness exerted the strongest effect on university students’ behavioral intention to use generative AI tools. This result suggests that students’ adoption decisions are primarily driven by the extent to which AI technologies contribute to their academic performance and learning efficiency. When students perceive that generative AI can help them complete assignments more effectively, access information more rapidly, and improve the quality of their academic work, they are more likely to develop positive intentions toward continued use.
This finding highlights the practical orientation of students’ technology adoption behavior. Unlike entertainment-oriented digital applications, educational technologies are often evaluated according to their ability to support learning-related objectives. Students generally invest time and effort in using a new technology only when it offers observable benefits that justify its adoption. In the context of generative AI, these benefits may include assistance with information retrieval, idea generation, text summarization, language improvement, and personalized academic support[18]. Such capabilities may reduce cognitive workload and enable students to allocate more time to higher-level learning activities.
The strong effect of perceived usefulness also reflects the increasing integration of AI technologies into contemporary learning environments. As higher education becomes progressively digitized, students are exposed to a growing number of technological tools intended to enhance educational experiences. Under these circumstances, technologies that demonstrate clear value are more likely to be incorporated into students’ learning routines. Consequently, institutions seeking to promote AI adoption should focus on demonstrating how AI technologies can support specific educational tasks and improve learning outcomes.
Furthermore, the prominence of perceived usefulness suggests that students may adopt a relatively pragmatic attitude toward generative AI. Rather than embracing AI merely because it represents a novel technology, students appear to evaluate whether the technology can contribute meaningfully to their educational goals. This observation reinforces the importance of emphasizing educational relevance when designing and implementing AI-supported learning initiatives.
5.2 The Importance of Ease of Use in AI-Supported Learning
The findings also indicate that perceived ease of use significantly influences students’ behavioral intention to use generative AI tools. Although its impact was weaker than that of perceived usefulness, ease of use remained an important predictor of adoption intention. This outcome suggests that students are more likely to engage with AI technologies when interaction is straightforward, intuitive, and requires limited technical expertise.
Generative AI differs from many earlier educational technologies because it relies heavily on natural language communication. Students can obtain information or assistance simply by entering questions and instructions in everyday language, eliminating many of the technical barriers associated with traditional software systems[15]. Such accessibility may contribute to a more positive user experience and encourage wider adoption among individuals with varying levels of digital competence.
The significance of ease of use can also be interpreted from the perspective of cognitive effort. Technologies that require extensive training or complex operational procedures may discourage users, even when they offer substantial benefits. Conversely, systems that are easy to understand and navigate may increase user confidence and reduce resistance to adoption. For university students who often face demanding academic schedules, technologies that save time and simplify task completion are particularly attractive.
Another possible explanation relates to the learning process itself. Students who perceive AI systems as easy to operate may be more willing to experiment with different functions and applications. Increased interaction can lead to greater familiarity with the technology, which may further strengthen perceptions of usefulness and promote continued use. Therefore, ease of use may not only directly affect behavioral intention but also indirectly enhance the perceived value of AI tools.
These findings suggest that developers and educational institutions should prioritize user-centered design principles when implementing AI technologies. Simplified interfaces, clear instructions, and responsive interactions may contribute significantly to students’ acceptance of AI-supported learning tools.
5.3 The Role of Trust in Shaping Students’ AI Acceptance
Trust was also found to be a significant determinant of behavioral intention. Although its influence was smaller than that of perceived usefulness and perceived ease of use, the relationship remained statistically significant, indicating that trust plays a meaningful role in students’ adoption decisions.
The importance of trust may be attributed to the distinctive nature of generative AI systems. Unlike traditional educational technologies that primarily store, organize, or transmit information, generative AI actively produces content. Consequently, users must evaluate whether AI-generated outputs are accurate, reliable, and appropriate before incorporating them into academic activities[19].
For students, trust is particularly relevant because educational decisions often depend on information quality. Assignments, research projects, presentations, and examinations require accurate knowledge and credible sources. If students perceive AI-generated responses as unreliable or potentially misleading, they may hesitate to depend on such systems despite recognizing their potential benefits. Conversely, confidence in the consistency and credibility of AI outputs may encourage students to integrate these technologies more fully into their learning processes.
The significance of trust also reflects broader societal discussions surrounding artificial intelligence. Public concerns regarding misinformation, algorithmic bias, privacy protection, and transparency have increased as AI technologies become more widespread. Students are likely influenced by these discussions when forming attitudes toward AI. Therefore, trust may represent not only confidence in specific AI tools but also a broader perception of the reliability and legitimacy of artificial intelligence technologies.
The findings suggest that efforts to improve AI adoption should extend beyond technical performance. Educational institutions and technology developers should also focus on enhancing transparency, providing explanations of AI-generated outputs, and promoting responsible AI practices. Such measures may strengthen user confidence and support long-term adoption.
5.4 Practical and Theoretical Implications
Several important implications can be derived from the findings of this study.
From a practical perspective, universities should actively support the development of AI literacy among students. Training programs, workshops, and instructional resources may help students understand how generative AI can be used effectively and responsibly within academic contexts[20]. Enhanced understanding of AI technologies may strengthen perceptions of usefulness, improve ease of use, and increase trust.
Institutions should also consider integrating AI tools into existing teaching and learning activities. When students observe direct connections between AI applications and educational outcomes, they may be more likely to recognize the value of these technologies. Faculty members can play an important role by demonstrating appropriate use cases and guiding students in evaluating AI-generated information critically.
From a theoretical perspective, the study provides additional support for the applicability of the Technology Acceptance Model in the context of generative AI. The significant effects of perceived usefulness and perceived ease of use confirm that traditional technology acceptance mechanisms remain relevant despite the emergence of more sophisticated AI technologies. At the same time, the significant influence of trust suggests that AI-specific characteristics should be incorporated into future technology adoption models[17, 21].
Future studies may further extend the research framework by considering variables such as AI literacy, perceived risk, social influence, ethical concerns, self-efficacy, and learning motivation. Longitudinal studies may also provide deeper insights into how students’ perceptions evolve as generative AI becomes increasingly integrated into higher education. Additionally, cross-cultural and cross-disciplinary comparisons may reveal contextual differences in AI acceptance patterns and contribute to a more comprehensive understanding of technology adoption in educational settings

Conclusion
By probing into how systemic trust, functional utility, and cognitive effort dictate technical engagement, this empirical investigation mapped the drivers behind tertiary students' integration of generative artificial intelligence utilities. Statistical readouts confirm that each of these three precursors directly fuels usage intentionality in a robustly positive manner, with the anticipated utility of the system acting as the single most critical determinant. This pattern clarifies that learners are far more inclined to embrace such automated instruments if they foresee tangible benefits for their academic output and study optimization. Additionally, operational simplicity exerted a salient force, underscoring that frictionless, natural interfaces mitigate entry barriers and stimulate user uptake. Concurrently, systemic confidence remains non-negligible, stressing that the factual accuracy and dependability of synthetic data outputs dictate whether students are willing to rely on these platforms for scholastic assistance.
Flowing from these discoveries, university administrations should actively cultivate a productive AI ecosystem. This can be orchestrated by elevating students’ digital competencies, optimizing the contextual availability of approved campus applications, and formulating explicit ethical charters to mandate transparent and compliant technology employment. Notwithstanding its academic contributions to the field of AI adoption, this inquiry is bounded by its static cross-sectional surveying framework and the underlying demography of the surveyed student pool. Subsequent empirical tracks should integrate alternative explanatory pathways—such as threat perceptions, peer dynamics, and technical self-efficacy—while capturing multi-centered institutional settings to gain a multi-faceted portrait of generative computing integration within modern higher education.
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