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ABSTRACT

 The article examines the role of artificial intelligence in modern higher education. The transformative changes associated with the use of artificial intelligence in higher education are shown. The fact that artificial intelligence has significant potential to improve teaching, learning, and higher education management is emphasized. Based on a review of diverse literature, the following are considered to be the main determinants of the impact of artificial intelligence on the behavior of students in higher education institutions: expected effectiveness, expected effort, social influence, conditions conducive to use, hedonic motivation, trust, information quality, habit, personal innovativeness, perceived risk, attitude, behavioral intention, and usage behavior. The paper critically analyzes the impact of each determinant on the behavior of students in higher education institutions. The approaches developed as a result of the analysis are useful from both theoretical and practical points of view. It enriches the existing theoretical perspectives on the use of artificial intelligence in higher education. The paper will contribute to the design of research to collect empirical data for further studies, as well as help higher education practitioners develop student-centered approaches.
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INTRODUCTION
The rapid development of Artificial Intelligence (AI) has significantly transformed all areas of economic, social, and educational activity. Artificial intelligence integrates technologies such as machine learning, natural language processing, intelligent recommendation systems, predictive analytics, generative artificial intelligence, and intelligent tutoring systems. These technologies enable computer systems to process large volumes of information, identify patterns within data, generate new content, and provide users with tailored responses, recommendations, and information (Lim et al., 2023).
AI systems possess the capability to process massive amounts of data, detect trends in user behavior, and develop appropriate recommendations based on the insights obtained. Through the application of machine learning methods, AI-based systems progressively improve their task performance based on data, while natural language processing technologies enable computers to understand, process, and generate human-authored text. Due to these functionalities, artificial intelligence is widely utilized in healthcare, finance, business, marketing, public administration, and education (Chen et al., 2020; Chiu et al., 2023; Todua & Kartsivadze, 2025).
A major domain of artificial intelligence is generative AI, which can create new text, images, audio materials, software code, or other types of digital content based on user-provided prompts. The proliferation of generative AI has substantially expanded the possibilities for interaction between users and computer systems. Users are no longer limited to utilizing predefined commands; instead, they can communicate with the system using natural language, ask questions, clarify received responses, and obtain information tailored to their specific needs (Grassini, 2023b; Lim et al., 2023; Lo, 2023; Tlili et al., 2023).
In the context of digital transformation, the implementation of artificial intelligence has become particularly relevant in the field of higher education. In modern universities, AI technologies are employed for teaching, learning, assessment, predicting student academic performance, managing administrative processes, and supporting students. Based on systematic reviews, the primary areas of AI application in higher education include assessment, predicting academic outcomes, intelligent assistants, intelligent tutoring systems, and student learning management (Crompton & Burke, 2023). Furthermore, the number of scientific publications related to the educational use of artificial intelligence has increased significantly in recent years, indicating both the practical and academic relevance of the issue (Bond et al., 2024).
[bookmark: _GoBack]Thus, the relevance of the research topic is driven, on the one hand, by the intensive proliferation of artificial intelligence in higher education and its educational capabilities, and on the other hand, by the necessity for a comprehensive study of user behavior, trust, information quality, ethical responsibility, and potential risks. Researching this issue is important both for the advancement of scientific knowledge and for higher education institutions, academic staff, students, technological system developers, and educational policymakers.
Consequently, the purpose of this study is to examine and analyze the factors determining the use of artificial intelligence for academic purposes, using the example of higher education institution students, and to establish their impact on students' attitudes, behavioral intentions, usage behavior, and satisfaction.

THEORETICAL AND METHODOLOGICAL FOUNDATIONS OF THE RESEARCH
 The theoretical framework of the research is based on the Technology Acceptance Model (TAM; Davis, 1989), the Unified Theory of Acceptance and Use of Technology (UTAUT; Venkatesh et al., 2003), its consumer behavior-oriented extension, UTAUT2 (Venkatesh et al., 2012), and the Information Systems Success Model (DeLone & McLean, 2003). Integrating these theoretical approaches enables the examination of the technological, psychological, social, and behavioral aspects of artificial intelligence acceptance and usage within a unified conceptual model. The methodological foundation of the study relies on the methods of scientific cognition, analysis, induction, and deduction.
 
THE ROLE OF ARTIFICIAL INTELLIGENCE IN EDUCATION
The development of artificial intelligence technologies has exerted a significant impact on the field of education, transforming the methods of information retrieval, teaching, learning, assessment, and the management of educational processes. The utilization of artificial intelligence in education began well before the widespread proliferation of generative AI tools. Initially, it was manifested in the form of intelligent tutoring systems, computer-based adaptive learning, automated assessment, and educational data mining (Chen et al., 2020; Zawacki-Richter et al., 2019).
In the contemporary educational environment, the primary domains of AI system application include personalized and adaptive learning, automated assessment, instant feedback, predicting academic performance, recommending learning resources, automating administrative processes, and creating generative content. A review of studies conducted in higher education demonstrates that AI is utilized both to directly support student learning and to enhance the activities of instructors and educational institutions (Bond et al., 2024; Crompton & Burke, 2023).
Intelligent tutoring systems can function as virtual assistants. They possess the capability to detect errors made by students, offer additional examples, explain complex concepts in alternative ways, and provide feedback on the learning process. Students are afforded the opportunity to receive assistance at their convenience and repeatedly request explanations of a topic. This is particularly crucial within the context of independent, distance, and blended learning environments (Chiu et al., 2023; Ouyang et al., 2022).
Educational institutions also employ artificial intelligence for managerial and administrative purposes. AI can be utilized to analyze student requests, plan academic courses, respond to frequently asked administrative questions, and distribute university resources more efficiently (Ouyang et al., 2022; Zawacki-Richter et al., 2019).
Furthermore, the implementation of artificial intelligence can enhance the accessibility of educational resources. Tools for text translation, speech-to-text conversion, text-to-speech rendering, and the simplification of complex information assist students with linguistic or other barriers in mastering learning materials. However, to realize this potential, it is essential for students to have access to technological devices, the internet, and relevant digital resources. Otherwise, the proliferation of AI may further exacerbate the digital divide (Bond et al., 2024; Chiu et al., 2023).
The outcomes generated by artificial intelligence depend heavily on the data on which the model was developed or trained. If the data contains historical, social, or cultural biases, these may be reflected in the results produced by the algorithm. Therefore, when utilizing AI, it is critical to consider the fairness, transparency, and explainability of algorithmic decisions (Mouta et al., 2024).
Particular emphasis must be placed on upholding academic integrity. A student might present AI-generated text as their own work, fail to disclose the use of technology, or complete an assignment without independently comprehending the subject matter. In such instances, the technology no longer serves a learning-supportive function and hinders the development of the student's critical thinking, writing, argumentation, and independent problem-solving skills (Cotton et al., 2024).
For the responsible integration of artificial intelligence, higher education institutions must develop clear guidelines. Students need to understand in what forms the use of AI is permissible and which actions constitute a violation of academic integrity. Additionally, the development of AI literacy is essential, which entails not only knowing how to use the technology but also understanding its capabilities and limitations, verifying information, recognizing bias, and ensuring data security (Bond et al., 2024; Mouta et al., 2024).
Ultimately, it can be concluded that artificial intelligence can provide personalized support, instant feedback, information processing, access to learning resources, and the automation of routine activities. However, a positive outcome is not achieved automatically. It depends on the quality of information, the user's AI literacy, adherence to ethical rules, and the purposeful application of the technology. Moreover, artificial intelligence in education should be viewed not as a replacement for the student or the instructor, but as a supportive tool integrated into their activities.
THE IMPACT OF ARTIFICIAL INTELLIGENCE ON THE BEHAVIOR OF HIGHER EDUCATION STUDENTS
In the present study, based on the literature review, the primary determinants influencing the behavior of higher education students regarding artificial intelligence are identified as: performance expectancy, effort expectancy, social influence, facilitating conditions, hedonic motivation, trust, information quality, habit, personal innovativeness, perceived risk, attitude, behavioral intention, and use behavior.
Performance Expectancy. Performance expectancy is defined as the degree to which an individual believes that using the system will help them attain gains in job performance (Venkatesh et al., 2003). Within the UTAUT model, performance expectancy is considered one of the central constructs and integrates closely related variables developed across various theoretical models, such as perceived usefulness, extrinsic motivation, job relevance, relative advantage, and outcome expectations (Venkatesh et al., 2003). Although these variables emerged independently in the scientific literature, they share a common theoretical foundation, as each relates to an individual's belief that using technology will assist them in achieving better outcomes (Davis, 1989; Davis et al., 1989; Moore & Benbasat, 1991; Compeau & Higgins, 1995; Venkatesh et al., 2003).
Performance expectancy plays a particularly vital role in the acceptance of educational technologies. El-Masri and Tarhini (2017) indicate that performance expectancy significantly influences the adoption of e-learning systems in academic environments. In the context of Google Classroom, Kumar and Bervell (2019) demonstrate that students' acceptance of educational technology is linked to their belief that the technology will render the learning process more efficient. Research on information systems success has also confirmed that the usefulness and effectiveness of technology play a significant role in users' positive evaluation of a system (Al-Fraihat et al., 2020).
In the context of artificial intelligence, performance expectancy relates to students' perceptions of how effectively AI assists them in achieving their learning objectives. Tlili et al. (2023) note that the performance expectancy of AI is associated with students perceiving AI-generated information as a valuable and useful resource. Students are more likely to perceive a technology as useful when it can provide flexible learning, individualized support, and high-quality delivery of educational information (Yin et al., 2021; Wut & Lee, 2022).
The proliferation of generative artificial intelligence in higher education is significantly linked to students' perception of the academic value of this technology. Bouteraa et al. (2024) observe that the adoption of ChatGPT in higher education depends not merely on the existence of technological innovation, but on the extent to which students recognize its practical value in their learning activities. Consequently, if students perceive AI as a tool that enhances academic outcomes, increases efficiency, and simplifies the learning process, their attitude toward using artificial intelligence becomes more positive (Bouteraa et al., 2024; Foroughi et al., 2024).
Performance expectancy should not be linked solely to behavioral intention. Driven by the logic of technology acceptance models, when a student believes that utilizing artificial intelligence is useful, simplifies academic activities, reduces the time required to complete assignments, and increases productivity, they develop a positive attitude toward this technology. This approach aligns with prior studies in which performance expectancy is treated as a critical predictor of both positive attitude and technology acceptance (Davis, 1989; Venkatesh et al., 2003; Almaiah et al., 2019; Emon et al., 2023).

Effort Expectancy. Effort expectancy is defined as the degree of ease associated with the use of the system (Venkatesh et al., 2003). This variable is closely aligned with the construct of perceived ease of use in the Technology Acceptance Model, which refers to the degree to which an individual believes that using a particular system would be free of effort (Davis, 1989). Within the UTAUT model, effort expectancy is considered one of the critical factors influencing an individual's adoption and behavioral intention to use new technology (Venkatesh et al., 2003; Venkatesh & Zhang, 2010). 
In the context of educational system adoption, El-Masri and Tarhini (2017) note that effort expectancy is a significant component of the UTAUT2 model. Similarly, in the context of Google Classroom, Kumar and Bervell (2019) demonstrate that students' initial perception regarding the ease of technology use plays an important role in the acceptance of the educational platform. Raman and Don (2013) also indicate that when adopting learning management systems, the ease of interaction with the system and the minimal effort required for its use are crucial for students.
In the context of artificial intelligence, effort expectancy involves students' perceptions regarding how simple it is to utilize AI for learning purposes. Chatterjee and Bhattacharjee (2020) examine the adoption of artificial intelligence in higher education using structural equation modeling and emphasize that the ease of use of AI plays a vital role in its adoption process. Within the same context, Almahri et al. (2020) investigate the adoption and use of chatbots by students, treating effort expectancy as a factor linked to students' intentions regarding chatbot utilization.
Effort expectancy is particularly important when utilizing AI-based tools, as students may possess varying technological backgrounds, digital skills, and readiness to interact with AI systems. If a student believes that using artificial intelligence does not require complex technical knowledge, the interface is understandable, and the interaction with AI is clear, they develop a more positive attitude toward this technology (Venkatesh et al., 2003; Chatterjee & Bhattacharjee, 2020). Consequently, ease of use can become a significant foundation for students' positive evaluation of AI within the learning process.
Effort expectancy should not be linked solely to usage intention. According to technology acceptance theories, when a user perceives a system as easy to use, they develop a more positive attitude toward the technology, as perceived complexity decreases and comfort during system interaction increases (Davis, 1989; Venkatesh & Davis, 2000). This is particularly critical in the educational context, as students evaluate technologies more positively when they do not complicate the learning process and do not demand excessive technical effort (Cheung & Vogel, 2013; El-Masri & Tarhini, 2017).

Social Influence. Social influence 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, p. 451). Through social influence, an individual recognizes that such people exert an impact on their behavioral intention and actual use of technology (Wang et al., 2021; Huang & Chueh, 2022). According to Gatzioufa and Saprikis (2022), as well as Hamundu et al. (2023), social influence constitutes a key factor determining the extent to which individuals plan to use a given technology. It is noteworthy that the social influence factor manifests when individuals observe the attitudes, beliefs, and behaviors of those around them (Shahsavar & Choudhury, 2023). In the present study, the social influence factor is utilized to measure the extent to which students firmly believe that people whose opinions they respect support the use of artificial intelligence in the educational process.
In the early stages of technology implementation, when an innovation is entirely novel to users and they do not yet know how to use it, social influence is assigned a paramount role (Adapa et al., 2018). In the educational sphere, social influence measures the impact of the immediate social environment (parents, teachers, peers, and colleagues). When mastering new technologies, individuals typically experience uncertainty and turn to their social circle for orientation (Mu & Lee, 2017). People behave in this manner to conform to the norms of various groups or to enhance their social image (Bearden et al., 1989).
Tornatzky and Klein (1982) concluded that technology adoption significantly depends on how compatible an innovative technology is with the norms and values of potential users. Several studies conducted in diverse contexts have shown that social influence is a driving factor behind technology use intention (Leow et al., 2021; Hooda et al., 2022). Research has also established that social influence exerts a positive effect on students' intention to use artificial intelligence in academic activities (Emon et al., 2023). Studies by Al-Emran et al. (2023), Singh et al. (2022), and Terblanche and Kidd (2022) confirmed a positive relationship between social influence and the intention to use chatbots. Earlier works also indicate that social influence explains students' readiness to make decisions regarding the use of AI-based tools in the learning process (Almahri et al., 2020; Gatzioufa & Saprikis, 2022; Mohd Rahim et al., 2022). Research reveals that educators and students who disseminate positive information about using artificial intelligence in educational activities are likely to positively influence the behavioral intentions of other educators and students (Jo, 2023; Menon & Shilpa, 2023).
Facilitating Conditions.  Facilitating conditions are considered one of the key constructs in technology acceptance and usage research. It is defined as the degree to which an individual believes that an organizational and technical infrastructure exists to support the use of the system (Venkatesh et al., 2003). Facilitating conditions encompass an individual's belief that technological and organizational infrastructures are adequately provided, thereby creating the opportunity to utilize the technology (Liébana-Cabanillas et al., 2018). A similar definition is found in other sources, where this variable is treated as the user's perception of the availability of resources necessary to perform a behavior effectively using a specific technology (Taylor & Todd, 1995; Venkatesh et al., 2003).
Prior studies confirm that facilitating conditions play a significant role in the acceptance and usage process of various educational technologies. For instance, facilitating conditions are linked to the adoption of mobile learning (Kang et al., 2015), e-learning platforms (Osei et al., 2022), and augmented reality technologies (Faqih & Jaradat, 2021) in higher education. Similar findings were recorded in the studies of Chen & Huang (2012) and Wang et al. (2009) within the context of mobile learning acceptance. Furthermore, in computer-based assessment settings, facilitating conditions exert a positive impact on perceived ease of use (Terzis & Economides, 2011), indicating that adequate infrastructure significantly influences the user's attitude toward technology and its practical application.
A portion of empirical research indicates that facilitating conditions have a positive impact on students' behavioral intention to use technology. Specifically, Faqih & Jaradat (2021), Raza et al. (2022), Shittu & Taiwo (2023), and Yu et al. (2021) confirm that facilitating conditions substantially contribute to the formation of students' technology adoption intentions. Kwak et al. (2022), Sitthipon et al. (2022), and Alam et al. (2020) also indicate that facilitating conditions increase the intention to use artificial intelligence and its related tools, including chatbots.

Hedonic Motivation.   Hedonic motivation is considered an important construct in technology acceptance and usage research. It is defined as the fun or pleasure derived from using a technology, providing satisfaction, amusement, and emotional benefits to the individual during the adoption and utilization process (Brown & Venkatesh, 2005). Similarly, Venkatesh et al. define hedonic motivation as the pleasure or enjoyment derived from using a technology (Venkatesh et al., 2012). Chao (2019) notes that hedonic motivation reflects the user's enjoyment when utilizing a specific system, while Babin et al. (1994) view hedonic outcomes as the emotional benefits obtained from the consumption or usage process.
Within the UTAUT2 model, hedonic motivation is incorporated as a critical factor influencing an individual's behavioral intention. The enjoyment derived from technology use, feelings of fun, heightened interest, and emotional engagement increase the user's readiness to accept and use new technology (Venkatesh et al., 2012). In this respect, hedonic motivation is linked to intrinsic motivation, as the user utilizes the technology not merely to achieve an external outcome, but due to the satisfaction derived from the usage process itself. This approach aligns with studies where hedonic motivation is treated as motivation driven by intrinsic satisfaction (Ryan & Deci, 2000), while an individual's hedonic experience is linked to their psychological and emotional state (Magni et al., 2010).
Prior research confirms that hedonic motivation plays a significant role in the acceptance and usage process of educational technologies. For example, Venkatesh et al. (2012), Nikolopoulou et al. (2020), Abu Gharrah and Aljaafreh (2021), Ho (2014), and Alalwan et al. (2017) indicate a positive and significant relationship between hedonic motivation and behavioral intention. Similar results were confirmed in other studies where hedonic motivation positively influenced technology acceptance and usage intention (Ali et al., 2022; Azizi et al., 2020; Faqih & Jaradat, 2021; Hu et al., 2020). Additionally, Alalwan et al. (2017), Al-Azawei & Alowayr (2020), and Nikolopoulou et al. (2021) view hedonic motivation as a significant factor that increases an individual's intention to use new technology.
The importance of hedonic motivation in the context of e-learning and digital educational environments has been confirmed by numerous studies. El-Masri & Tarhini (2017), Fagan (2019), Oluwajana et al. (2019), Mohd Rahim et al. (2022), and Raman & Don (2013) demonstrate that the pleasure and interest derived from using educational technology facilitate its adoption and use. E-learning users are more likely to be interested in courses and platforms that offer an interactive, well-designed, useful, and enjoyable experience (Mehta et al., 2019). In the field of educational technologies, Dajani and Abu Hegleh (2019), Azizi et al. (2020), Twum et al. (2022), and Zwain (2019) confirm that hedonic motivation plays an important role in the adoption of animated learning resources, mobile learning, e-learning platforms, and learning management systems.

Trust. Trust is defined as the willingness of a party to be vulnerable to the actions of another party based on the expectation that the other will perform a particular action important to the trustor, irrespective of the ability to monitor or control that other party (Mayer et al., 1995). Rousseau et al. (1998) describe trust as a psychological state comprising the intention to accept vulnerability based upon positive expectations of the intentions or behavior of another. Thus, trust is particularly critical in environments where the user cannot fully control the operations of the system and is compelled to rely on its reliability, transparency, and integrity (Mayer et al., 1995; Rousseau et al., 1998).
In the context of artificial intelligence and chatbots, trust refers to the user's perception that the AI system or chatbot platform is reliable, benevolent, secure, and capable of providing helpful responses. Within the model of AI-based chatbot adoption, Mohd Rahim et al. (2022) examine trust as a significant factor in the context of higher education institutions. In this study, trust is linked to the extent to which students rely on the information provided by the chatbot, its overall functioning, and its usefulness within the educational process (Mohd Rahim et al., 2022).
Trust in artificial intelligence is especially vital in an educational environment, given that students utilize AI systems for information retrieval, obtaining recommendations, generating texts, completing academic assignments, and supporting their learning process. If a student believes that the information provided by the AI is credible, the recommendations are relevant, the system is transparent, and it protects their privacy, they develop a more positive attitude toward this technology (Mohd Rahim et al., 2022; Choudhury & Shamszare, 2023).
Furthermore, trust reduces the psychological barriers associated with the use of artificial intelligence. Mostafa and Kasamani (2022) note that trust in a chatbot can assist users in mitigating perceived risks, anxiety, and discomfort. Wang et al. (2015) also indicate that trust reduces uncertainty and increases the user's willingness to accept a service. Consequently, when a student trusts an AI system, they experience less apprehension regarding incorrect responses, privacy violations, or system misuse, which in turn reflects positively on their attitude toward artificial intelligence (Wang et al., 2015; Mostafa & Kasamani, 2022).
Studies concerning chatbot adoption demonstrate that trust is linked not only to usage intention but also to the overall attitude toward the technology. In the context of smartphone chatbot usage, Kasilingam (2020) treats trust as a factor associated with both user attitude and usage intention. Alagarsamy and Mehrolia (2023) similarly indicate that trust toward a chatbot influences user behavioral outcomes and fosters a positive relationship with the technology. This demonstrates that trust in an AI chatbot can be viewed as a significant determinant of a user's positive attitude (Kasilingam, 2020; Alagarsamy & Mehrolia, 2023).

Information Quality. Information quality is defined as the accuracy, completeness, relevance, format, and currency of the information provided by a system, which assists the user in task performance and decision-making (Wixom & Todd, 2005). DeLone and McLean (2003) consider information quality to be one of the primary components of information systems success and indicate that a user's evaluation of a system heavily depends on the extent to which it delivers high-quality, useful, and relevant information.
Wixom and Todd (2005) link information quality to information completeness, accuracy, format, and currency. Completeness refers to how fully the system provides the necessary information to the user; accuracy reflects the user's perception that the information is correct; format relates to the quality of information presentation; and currency indicates how fresh and timely the information delivered by the system is (Wixom & Todd, 2005). Consequently, information quality reflects not merely the existence of information, but its practical value to the user.
Kim et al. (2004) associate information quality with information relevance, accuracy, and timeliness. In their view, user trust and positive perceptions toward technology in an online environment depend significantly on how reliable and useful the information provided by the system is (Kim et al., 2004). Thus, when a user perceives information as accurate, timely, and tailored to their needs, they develop a more positive attitude toward the technology.
Information quality is also closely linked to user trust. Kim et al. (2004) demonstrate that in an online environment, information quality is a major antecedent of trust formation. Wang et al. (2015) also indicate that trust is significantly related to user behavioral intention and technology acceptance. Consequently, if a student perceives the information provided by artificial intelligence as accurate, complete, and relevant, this increases trust in the AI system and facilitates the formation of a more positive attitude (Kim et al., 2004; Wang et al., 2015). When forming an attitude toward artificial intelligence, a student evaluates not only how easy it is to use the AI, but also the quality of the information they receive from the system. If the responses provided by the AI are inaccurate, outdated, or irrelevant, the student may develop a negative attitude toward this technology. Conversely, if the information is accurate, up-to-date, sufficient, and tailored to educational needs, the student evaluates the use of AI in the learning process more favorably (Kim et al., 2004; Foroughi et al., 2024; Yu et al., 2024).

Habit. Habit is defined as the degree to which people tend to perform behaviors automatically because of learning (Venkatesh et al., 2012). In the context of information systems and technology usage, habit relates to a state where the user's behavior no longer requires continuous conscious decision-making, and technology utilization gradually becomes part of their daily routine (Limayem et al., 2007; Venkatesh et al., 2012). Consequently, habit reflects not merely the past use of technology, but its automated and repetitive utilization.
Within the UTAUT2 model, habit is presented as a critical additional construct and is treated as a determinant of both behavioral intention and use behavior (Venkatesh et al., 2012). Tamilmani et al. (2019) note that habit plays a vital role in technology acceptance research, as repeated usage integrates the technology into the user's daily behavioral pattern. Thus, when a user utilizes a specific technology frequently, its operation progressively demands less conscious effort and develops into a more natural behavior (Limayem et al., 2007; Tamilmani et al., 2019).
In the context of educational technologies, habit is linked to how frequently and systematically students employ digital tools in their academic activities. In the context of Google Classroom, Kumar and Bervell (2019) demonstrate that students' attitudes toward technology and their usage intentions are related to the experience they develop during the process of using the learning platform. Alotumi (2022) also indicates that students' behavioral intention to use Google Classroom is significantly associated with the extent to which platform usage becomes part of their learning routine.
In the context of artificial intelligence and chatbots, habit refers to how accustomed a student is to utilizing AI tools in their academic work. Within an AI-based chatbot adoption model, Mohd Rahim et al. (2022) examine habit as an important variable influencing students' intentions to use chatbots in the higher education context. Almahri et al. (2020) similarly observe that habit plays a significant role in chatbot acceptance and use among students, as past experience and repetitive usage increase readiness toward the technology.
Habit is not merely a direct determinant of behavioral intention or use behavior; it can also influence the overall attitude toward technology. If a student uses artificial intelligence regularly and this utilization is embedded in their academic routine, AI becomes more familiar, accessible, and practically useful to them. Technology acceptance literature notes that repeated and successful usage facilitates the formation of a more positive evaluation by the user, as the technology is perceived as less complex and more useful (Limayem et al., 2007; Venkatesh et al., 2012; Tamilmani et al., 2019).

Personal Innovativeness. Personal innovativeness is defined as the willingness of an individual to try out any new information technology (Agarwal & Prasad, 1998). In the context of IT acceptance, this variable reflects an individual's personal predisposition, openness, and interest toward novel technological solutions. Agarwal and Prasad (1998) view personal innovativeness as an individual trait that influences the perception and acceptance of new technology.
Personal innovativeness is particularly critical when a technology is novel, not yet widely established, and when users experience a degree of uncertainty regarding it. Innovative individuals are typically more willing to try new technologies, accept the challenges associated with them, and evaluate their usefulness based on their own experience (Agarwal & Prasad, 1998; Kabra et al., 2017). Consequently, personal innovativeness can be viewed as a factor that reduces resistance toward new technology and increases the likelihood of its adoption.
Personal innovativeness is also vital in the acceptance of various educational technologies. Studying the behavioral intention to use animation among university students, Dajani and Abu Hegleh (2019) treat personal innovativeness as a significant factor in the technology adoption process. Farooq et al. (2017), in their research on lecture capture system adoption, extend the UTAUT2 model with personal innovativeness and demonstrate that this variable can be essential in explaining technology acceptance within the context of business education. Personal innovativeness is also linked to the formation of a positive attitude toward technology. Innovative individuals generally evaluate new technologies more openly, are less hesitant to test them, and are more receptive to new experiences, which facilitates the formation of positive perceptions toward the technology (Agarwal & Prasad, 1998; Lu et al., 2005). In this respect, a student's innovativeness can become a major predictor of a positive attitude toward artificial intelligence, as it increases the student's readiness to perceive AI not as a threat, but as a new opportunity in the learning process.
When utilizing artificial intelligence, personal innovativeness can be especially critical for students who independently seek new ways in learning, experiment with new tools, and rapidly adopt digital innovations. If a student possesses high innovativeness, they are more willing to incorporate ChatGPT or other AI tools into their academic activities, because such a student perceives new technology as an opportunity for self-development, learning enhancement, and increasing academic efficiency (Agarwal & Prasad, 1998; Strzelecki, 2024a).

Perceived Risk. Perceived risk is defined as the citizen's or user's subjective expectation of suffering a loss or facing uncertainty and danger when chasing a desired outcome from using a new technology (Featherman & Pavlou, 2003). In the context of technology acceptance, perceived risk is particularly important, as users evaluate not only its benefits but also its potential negative consequences before using a new system. Featherman and Pavlou (2003) note that perceived risk can be associated with performance, security, privacy, time, financial, and psychological risks.
Perceived risk in the technology adoption process is often treated as a barrier that reduces a user's positive evaluation and usage intention. In a study of technology-mediated environments, Kim et al. (2008) indicate that trust and perceived risk exert a significant influence on a user's decision to accept or use a new technology. Similarly, Marafon et al. (2018) demonstrate that perceived risk is negatively related to users' intention to use internet banking, further underscoring the inhibiting role of risk in the technology acceptance process.
Perceived risk is also linked to the reliability and accuracy of information. If a student believes that AI-generated information could be inaccurate, biased, or misleading, they may develop a less positive attitude toward this technology. Chan and Hu (2023) note that when using generative AI, students are concerned about information accuracy and ethical use. Wach et al. (2023) also indicate that one of the significant risks of generative AI relates to the dissemination of inaccurate or unreliable information.
Furthermore, the attitude toward generative AI can vary depending on how a student balances benefits and risks. If a student deems the benefits derived from AI to be more significant than the potential risks, their attitude may be positive. However, if the perceived risk is high and the student believes that using AI could harm their academic development, privacy, or integrity, they will evaluate artificial intelligence more negatively within the learning process (Featherman & Pavlou, 2003; Chan & Hu, 2023; Ortiz-Bonnin et al., 2025).
Attitude. Attitude is defined as an individual's positive or negative feelings about performing the target behavior (Davis et al., 1989). In technology acceptance research, attitude reflects the extent to which a user evaluates the utilization of a specific technology either favorably or unfavorably. Within behavioral theories, Fishbein and Ajzen (1975) indicate that attitude plays a critical role in shaping an individual's behavioral intention, while Ajzen (1991), in the Theory of Planned Behavior (TPB), treats attitude as one of the primary antecedents of behavioral intention.
Attitude is particularly important when a user makes a decision regarding the adoption of a novel technology. If a user perceives the technology as useful, easy to use, trustworthy, and compatible with their needs, they develop a positive attitude toward it. In turn, a favorable attitude increases the user's readiness to utilize the technology in the future. This approach has been validated across numerous technology acceptance studies, wherein attitude is presented as a significant determinant of behavioral intention (Davis et al., 1989; Ajzen, 1991; Kasilingam, 2020).
Investigating the intention to adopt AI-based chatbots among higher education students, Ayanwale and Molefi (2024) demonstrate that students' behavioral intention is linked to their perceived usefulness, ease of use, trust, and positive evaluation of the technology. This indicates that students' attitude toward AI chatbots can be viewed as an essential psychological predictor that reinforces their intention to use them for educational purposes (Ayanwale & Molefi, 2024).
Sallam et al. (2024) explore ChatGPT usage and attitudes among university students, showing that attitudes toward ChatGPT are shaped by perceived usefulness, ease of use, risks, anxiety, and social-psychological factors. According to their study, lower perceived risk and anxiety, alongside more positive dispositions toward technology, are associated with a more favorable attitude toward ChatGPT. Consequently, students' attitude can be conceptualized as a mediating mechanism through which technological and psychological factors exert an influence on usage intention (Sallam et al., 2024).

Behavioral Intention. Behavioral intention is defined as an individual's subjective probability or readiness to perform a given behavior in the future (Fishbein & Ajzen, 1975). In the context of technology acceptance, behavioral intention reflects the user's conscious decision, desire, and plan to utilize a specific technology to achieve a particular goal (Davis et al., 1989; Venkatesh et al., 2003). Therefore, behavioral intention represents a critical psychological antecedent that precedes actual behavior.
According to the Theory of Planned Behavior, behavioral intention is the immediate antecedent of an individual's actual behavior (Ajzen, 1991). Ajzen (1991) notes that the stronger an individual's intention to engage in a specific behavior, the higher the probability of its actual performance. This logic is widely applied in technology acceptance models, where behavioral intention is treated as one of the most powerful predictors of actual use (Davis et al., 1989; Venkatesh et al., 2003).
Within both the TAM and UTAUT models, behavioral intention is positioned as a central construct of technology acceptance and usage. Davis et al. (1989) indicate that attitude toward technology and perceived usefulness influence behavioral intention, which subsequently determines actual technology usage. In the UTAUT model, Venkatesh et al. (2003) treat behavioral intention as the primary dependent variable that predicts a user's technology use behavior.
In the context of utilizing artificial intelligence in the educational process, behavioral intention can manifest as a student's desire to continue using AI for completing assignments in the future, frequently consulting it for learning purposes, and consistently attempting to integrate AI tools into academic activities. This aligns with prior studies in which behavioral intention is viewed as an individual's intent to employ a specific technology to execute particular tasks (Venkatesh et al., 2003; Strzelecki, 2024a; Salifu et al., 2024).
Furthermore, various literatures note that the translation of behavioral intention into actual use behavior may depend on multiple factors, including facilitating conditions, habit, technological experience, and the institutional environment (Venkatesh et al., 2012; Macedo, 2017; Mohammed et al., 2025). This implies that although behavioral intention is a robust predictor of actual use, its impact can be moderated or altered depending on the user's environment and technology-related experience.
Use Behavior. Use behavior refers to the actual utilization of a specific technology by the user, measured through usage frequency, intensity, and the types of application employed to complete concrete tasks (Venkatesh et al., 2003; Venkatesh et al., 2012). In technology acceptance research, use behavior is examined as the actual behavioral outcome that is shaped by user attitude, behavioral intention, and other technological or psychological factors (Davis et al., 1989; Venkatesh et al., 2003).
Within the UTAUT and UTAUT2 frameworks, use behavior represents the final behavioral manifestation of technology acceptance. Venkatesh et al. (2003) indicate that behavioral intention plays a vital role in predicting actual technology use, while Venkatesh et al. (2012), in the UTAUT2 model, link use behavior to behavioral intention, facilitating conditions, and habit. Consequently, use behavior demonstrates not merely whether a user wishes to employ a technology, but how extensively they actually apply it in practice (Venkatesh et al., 2003; Venkatesh et al., 2012).
Examining the behavioral intention and ChatGPT usage of economics students, Salifu et al. (2024) show that the actual use of ChatGPT is related to the intentions formed by students toward the technology and its educational usefulness. Their study is significant for the present research as it demonstrates that AI use behavior can be viewed as a practical outcome of students' technological acceptance, manifesting in the execution of learning tasks, academic information retrieval, and solving study-related problems (Salifu et al., 2024).
Use behavior influences user satisfaction, particularly when the user employs the technology to complete real tasks and derives valuable outcomes from this usage. In the Information Systems Continuance Model (or Expectation-Confirmation Model), Bhattacherjee (2001) indicates that user satisfaction is formed through a post-adoption evaluation of technology use, where the user compares the experienced reality with their initial expectations. Consequently, the experience of using artificial intelligence can become an important foundation for the formation of user satisfaction (Bhattacherjee, 2001).
In a study on ChatGPT usage in higher education, Yu et al. (2024) investigate user satisfaction and continuous use intention. Their research shows that satisfaction with ChatGPT is linked to students' evaluations of the technology's usefulness, ease of use, and overall educational experience. Although Yu et al. (2024) focus primarily on satisfaction and continuance intention, their findings indicate that the actual experience of AI utilization plays a critical role in shaping user satisfaction.

 CONCLUSION

The rapid development of artificial intelligence exerts a profound impact on the higher education system, transforming traditional paradigms of information retrieval, processing, learning, and academic task execution among students. Based on the analysis of theoretical and scientific literature, it can be concluded that the educational capabilities of artificial intelligence encompass learning personalization, the provision of immediate feedback to students, enhanced accessibility to learning resources, clarification of complex topics, and the automation of routine activities. Consequently, in modern higher education, artificial intelligence should be viewed not as a replacement for academic staff, but rather as an instrument integrated into the educational process to support their activities.
The analysis of the theoretical frameworks examined in this study demonstrates that students' acceptance and use of artificial intelligence is a multidimensional process, the comprehensive explanation of which cannot be achieved solely through the evaluation of technological characteristics. This process is simultaneously influenced by functional, psychological, social, infrastructural, and informational factors. For this reason, the current study integrates the Technology Acceptance Model (TAM), the Unified Theory of Acceptance and Use of Technology (UTAUT), its extended model (UTAUT2), and the Information Systems Success Model.
The conceptual framework established upon the scientific literature posits that performance expectancy, effort expectancy, social influence, facilitating conditions, hedonic motivation, trust, information quality, habit, and personal innovativeness exert a positive effect on students' attitude toward artificial intelligence, whereas perceived risk may have a negative impact on this attitude. Furthermore, a positive attitude determines the behavioral intention to use artificial intelligence, which subsequently translates into actual use behavior, and the usage experience ultimately reflects upon student satisfaction.
Thus, the theoretical model developed in this study establishes a robust foundation for the subsequent empirical investigation of higher education students' behavior. Quantitatively testing this model will allow for the determination of the actual impact of each individual factor and facilitate the formulation of research-backed recommendations for higher education institutions and educational policymakers.
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