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ABSTRACT 

Purpose: This study investigates the factors influencing the adoption and usage of ChatGPT among Generation Z 

students in higher education, utilizing the UTAUT2 framework. It explores how performance expectancy, effort 

expectancy, social influence, hedonic motivation, facilitating conditions, price value, and habit contribute to students’ 

behavioral intention and actual use. 

Need for the study: The rapid integration of AI tools in education necessitates a deeper understanding of their 

acceptance and sustained usage. While previous research has explored the general adoption of AI in academia, there 

is limited empirical evidence on how specific constructs, drive ChatGPT adoption among students. This study 

addresses this gap by analyzing key determinants affecting student engagement. 

Methodology: The study employs a quantitative research design, utilizing survey data collected from university 

students in Poland. Structural equation modeling (SEM) was used to test the relationships between key UTAUT2 

constructs and ChatGPT adoption. 

Findings: Results indicate that performance expectancy, hedonic motivation, and habit significantly predict students' 

intention to use ChatGPT, while effort expectancy, social influence, and facilitating conditions were less influential. 

The study highlights the critical role of habitual engagement in sustained use and the importance of intrinsic motivation 

in AI adoption. 

Practical Implications: The study provides actionable insights for university administrators, educators, and 

policymakers. Institutions should implement AI literacy programs to promote responsible and effective usage of 

ChatGPT. Moreover, developing AI-powered educational tools that foster habitual engagement can enhance student 

learning. Policymakers should establish ethical guidelines to mitigate concerns about academic integrity and critical 

thinking in AI-supported education. 

Keywords: ChatGPT, AI adoption, higher education, UTAUT2, student engagement, smart learning, technology 

acceptance 
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1. INTRODUCTION 

The rapid advancement of artificial intelligence (AI) has significantly transformed the educational 

landscape, facilitated novel learning approaches and increased accessibility to knowledge. One of the most 

prominent AI-driven innovations in education is ChatGPT, a generative AI model capable of assisting 

students in their academic endeavors. Generation Z, characterized by their digital nativity and preference 

for technology-enhanced learning, is increasingly engaging with AI tools such as ChatGPT for knowledge 

acquisition, problem-solving, and academic support (Chiu et al., 2023; Kasneci et al., 2023). 

The widespread adoption of ChatGPT among students underscores its growing significance in higher 

education. Recent studies indicate that 92% of university students in the UK use AI tools like ChatGPT, 

marking a substantial increase from 66% in the previous year (Freeman, 2025). Similarly, in the United 

States, over 40% of university students report using ChatGPT for academic tasks (Ver Mee, 2024). In 

Poland, a study found that 60.6% of high school students engage with AI tools, with an overwhelming 

98.5% of them leveraging ChatGPT specifically for educational purposes, illustrating its dominance in the 

AI-assisted learning landscape (Alshammari & Alshammari, 2024). The growing role of AI in education 

requires investigating how cultural factors affect ChatGPT adoption. Polish university students provide a 

unique context to study these cultural and institutional influences. 

Recent research frequently discusses AI-powered educational tools. These studies highlight their 

potential to improve student engagement, learning outcomes, and personalization (Chiu et al., 2023). Studies 

suggest that AI chatbots can provide immediate feedback, facilitate adaptive learning, and support students 

in self-directed learning environments (W. Huang et al., 2022). Despite these benefits, understanding the 

factors influencing the adoption and use of ChatGPT remains a crucial area of research, particularly within 

the framework of the Unified Theory of Acceptance and Use of Technology 2 (UTAUT2) (Grassini, 2023). 

The concept of smart learning has emerged as a pivotal paradigm in modern education, integrating AI-

driven tools with data analytics and personalized learning strategies to create a more adaptive and efficient 

educational experience. Smart learning  environments leverage AI to provide real-time feedback, optimize 

learning pathways, and enhance student engagement through interactive technologies. (Dai et al., 2021; Fu, 

2022). ChatGPT, as an AI-powered learning assistant, exemplifies this transformation by offering 

personalized recommendations, answering queries, and fostering critical thinking through dialogue-based 

interactions (Abas et al., 2023; Wardat et al., 2023).  

Previous research on AI acceptance in education does not fully explain how Generation Z students use 

ChatGPT in their learning. While previous studies have primarily examined AI adoption in general 

educational settings, limited attention has been given to the unique motivational and behavioral factors that 

drive ChatGPT usage among university students (Alshammari & Alshammari, 2024). Moreover, existing 

research has not fully explored the moderating effects of cultural and institutional differences on ChatGPT 

adoption, leaving an important avenue for further investigation. This study aims to fill this gap by examining 

Polish university students, shedding light on how cultural and educational factors shape their engagement 

with ChatGPT. 

This study aims to address these gaps by providing a comprehensive analysis of the determinants of 

ChatGPT adoption among Generation Z students through the UTAUT2 framework. By investigating a broad 

range of determinants influencing AI adoption, this research seeks to provide insights into the adoption 

patterns and potential barriers influencing students' use of AI-powered educational tools. The findings will 

contribute to the broader discourse on AI in education, offering recommendations for enhancing AI 

integration in higher education institutions and optimizing student engagement with AI-driven learning 

platforms. By addressing these gaps, this study aims to provide actionable insights for educators and 

policymakers on how to optimize AI-powered educational tools in diverse cultural settings, while also 

deepening the understanding of key acceptance factors that influence student engagement with AI 

technologies in education. 

While previous studies have explored AI acceptance in general educational contexts, few have focused 

specifically on the behavioral drivers behind ChatGPT adoption among Generation Z students (Baidoo-Anu 

& Owusu Ansah, 2023; Grassini, 2023). Moreover, there is limited research on this phenomenon in non-
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Western or Central European settings, where cultural and institutional factors may differ. 

Therefore, the aim of this study is to examine the factors influencing Generation Z students’ adoption of 

ChatGPT in higher education using the UTAUT2 framework, addressing the gap in research on AI tool 

adoption in a Central European context. 

LITERATURE REVIEW 

2.1. Historical Development and Key Technologies in AI Education 

The development of artificial intelligence (AI) in education has evolved significantly since its inception in 

the mid-20th century. Early systems such as PLATO (Programmed Logic for Automatic Teaching 

Operations) in the 1960s aimed at automating educational processes and providing personalized instruction 

through adaptive feedback (Bates et al., 2020).  

During the 1970s and 1980s, AI-based educational technologies expanded, with systems like 

SCHOLAR and GUIDON employing rule-based programming and cognitive science principles to simulate 
human-like instructional interactions (Chu et al., 2022). The 1990s introduced increased computing 

capabilities, greater data storage, and advanced algorithms, leading to smart learning environments and 

learning analytics platforms (Almasri, 2024). Machine learning (ML) and natural language processing 

(NLP) emerged as pivotal technologies for understanding learner behavior (Baidoo-Anu & Owusu Ansah, 

2023). 

From the 2000s onward, AI education systems advanced with improved ML techniques, NLP, and big 

data analytics, enabling more sophisticated interactive educational experiences. Generative AI models such 

as ChatGPT now provide highly adaptive and personalized learning opportunities (Alafnan et al., 2023; Bin-

Nashwan et al., 2023). Key AI-driven technologies shaping modern education include (Yin et al., 2021): 

• Machine Learning (ML): Algorithms capable of analyzing patterns in data to adapt and tailor 

educational experiences to individual learner needs. 

• Natural Language Processing (NLP): Technology enabling AI to understand, interpret, and generate 

human language, crucial for interactive education. 

• Adaptive Learning Systems (ALS): Personalized learning systems dynamically adjusting content 

delivery according to student performance and preferences. 

• Learning Analytics (LA): Tools that gather, process, and interpret data on learners’ behaviors and 

performances to inform teaching strategies and learning interventions. 

• Chatbots and Virtual Assistants: Interactive AI systems providing personalized support, immediate 

feedback, and enhancing learner engagement, with ChatGPT being a prominent example. 

These advancements have paved the way for smart learning, an evolution of AI-driven education 

focused on adaptability and efficiency. 

2.2. Smart learning 

Smart learning integrates AI, IoT, and analytics. This creates personalized, adaptive, and interactive 

educational environments (Dai et al., 2021; Li et al., 2015). By utilizing AI-driven solutions, smart learning 

enables real-time feedback, dynamic content delivery, and enhanced student engagement (Cheung et al., 

2021). A defining feature of smart learning is context-awareness, where AI-driven technologies monitor 

and adjust learning experiences in real time based on student performance and engagement (Mohammed et 

al., 2022). Adaptive feedback mechanisms within smart learning environments (SLEs) provide personalized 

learning pathways, allowing students to receive targeted instructional support and enhance their self-

regulated learning abilities (Peng et al., 2019). Additionally, ubiquitous technology integration ensures 

continuous access to educational resources, fostering flexibility and enabling learning across various digital 

platforms (Fu, 2022; Gambo & Shakir, 2019). 
Smart learning environments overcome traditional classroom constraints by incorporating immersive 

technologies, such as virtual reality, AI-driven tutoring, and interactive simulations, which significantly 

enhance student engagement and deepen learning experiences (Dai et al., 2021; Zhu et al., 2016). Moreover, 
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AI-powered learning analytics refine teaching methodologies by tracking learner progress, identifying gaps 

in understanding, and facilitating adaptive interventions that cater to individual student needs (Li & Wong, 

2021). 

2.3. The Role of AI in Smart Learning in Higher Education 

The development of artificial intelligence (AI) in higher education plays a crucial role in teaching and 

learning processes, supporting students through intelligent systems tailored to their individual needs. 

The integration of AI into academic education is transforming traditional learning models, enabling 

the personalization of educational content, automating assessment processes, and fostering 

independent knowledge acquisition (Chiu et al., 2023). Contemporary research highlights that AI 

influences students' educational experiences through key functions: personalized learning, intelligent 

assessment systems and student progress analysis, and the provision of interactive educational content 

(Almogren et al., 2024; Chiu et al., 2023; Chu et al., 2022; Isiaku et al., 2024). 

One of the most significant aspects of AI applications in higher education is its ability to personalize 

learning paths. AI-driven systems use machine learning algorithms to analyze students' academic 

performance, identifying their individual needs, strengths, and weaknesses in the learning process (Chiu et 

al., 2023; Hirankerd & Kittisunthonphisarn, 2020; Yang & Shulruf, 2019). This enables the dynamic 

adjustment of educational materials to students' proficiency levels, enhancing knowledge retention and 

increasing motivation to learn (Baidoo-Anu & Owusu Ansah, 2023). Research indicates that AI-driven 

personalized learning contributes to higher student engagement and improved academic outcomes, which 

is reflected in intelligent tutoring models and adaptive learning platforms (M. Abbas et al., 2024; N. Abbas 

et al., 2022). 

AI in higher education personalizes learning experiences, automates assessments, and provides 

interactive content, significantly improving student engagement and outcomes (Almogren et al., 2024; Chu 

et al., 2022; Sullivan et al., 2023; Veras et al., 2023). Tools such as ChatGPT enhance learning by offering 

immediate responses, explanations of complex topics, and summaries of academic materials (Victor, 2024). 

Additionally, AI-driven smart learning fosters collaborative learning experiences, enabling real-time 

discussions, peer-led projects, and digital communities, which strengthen critical thinking and problem-

solving skills (Hwang et al., 2015; Nikolov et al., 2016). 

Smart learning environments also help higher education institutions optimize processes such as course 

planning, performance tracking, and student support services. AI-powered tools allow educators to 

personalize lesson plans, identify at-risk students, and implement data-driven interventions, improving 

student retention and academic success (Almasri, 2024; Almogren et al., 2024). Universities increasingly 

rely on predictive analytics to anticipate learning trends and improve institutional decision-making (Cotton 

et al., 2024; Grassini, 2023). 

AI further enhances assessment methods, offering automated grading and AI-driven feedback systems 

that provide real-time insights into student progress (Chan & Tsi, 2023). Such systems not only evaluate 

correctness but also analyze cognitive approaches, allowing educators to fine-tune instructional techniques 

(Chiu et al., 2023). The implementation of dynamic evaluation techniques measuring critical thinking, 

collaboration, and creativity is an essential aspect of AI-driven education. 

By aligning AI with smart learning strategies, educational institutions can harness AI-powered 

insights to refine pedagogical methodologies, increase student engagement, and build a responsive, learner-

centric education system. Future studies should explore ethical considerations surrounding AI-driven 

learning and its implications for long-term educational accessibility and equity. 

2.4 ChatGPT as an Educational Tool 

ChatGPT, developed by OpenAI, has emerged as a transformative tool in higher education, significantly 

enhancing both teaching and learning experiences (Hasanein & Sobaih, 2023). Leveraging AI-driven 

conversation models, it provides instant access to information, supports personalized learning, and fosters 

interactive educational environments (Nautiyal et al., 2023). 
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Previous studies have extensively analyzed the role of ChatGPT in student engagement, academic 

integrity, and AI-driven feedback systems (Hasanein & Sobaih, 2023; Ravšelj et al., 2025). Studies highlight 

its influence on cognitive development, accessibility to educational materials, and self-directed learning 

(Elshaer et al., 2024). It also presents ethical considerations, including AI bias and its impact on pedagogical 

frameworks (Kavitha & Joshith, 2024b). 

ChatGPT enhances personalized learning by offering tailored responses and immediate feedback, 

promoting independent study habits (Abas et al., 2023; Lo, 2023). Students report increased engagement 

and academic enrichment through AI-assisted study tools (Kanwal et al., 2023; Yilmaz et al., 2023). 

According to technology acceptance models, perceived usefulness significantly impacts AI adoption in 

education (Yilmaz et al., 2023). 

A global study involving 23,218 students from 109 countries found that ChatGPT is primarily used for 

brainstorming, summarizing, and retrieving research materials (Ravšelj et al., 2025). However, concerns 

persist regarding content reliability and ethical implications, reinforcing the need for AI literacy programs. 

Research indicates that male students show higher performance expectancy than females, while social 

influence plays a role in adoption within social sciences (Elshaer et al., 2024). 

Qualitative studies have identified key motivations for integrating ChatGPT into academic workflows, 

including efficiency in information retrieval, language learning support, and research facilitation (Hasanein 

& Sobaih, 2023). However, concerns such as academic dishonesty, over-reliance on AI-generated content, 

and critical thinking erosion necessitate institutional guidelines and AI literacy training (Hasanein & Sobaih, 

2023). 

Despite its advantages, ChatGPT's integration raises ethical and practical challenges. Privacy concerns, 

trustworthiness, and task relevance influence AI adoption (Kavitha & Joshith, 2024a). Universities must 

address responsible AI usage, ensuring independent thought and academic integrity (Nugroho & Wuryani, 

2023; Sullivan et al., 2023). 

While ChatGPT fosters learning efficiency, excessive reliance on AI may hinder peer interaction and 

faculty-student engagement (Wardat et al., 2023). Over-dependence on AI-generated content risks 

diminishing collaborative discourse and interpersonal skill development (Yan et al., 2024). Additionally, 

Lozano & Blanco Fontao (2023) highlight that students perceive ChatGPT as a tool that provides immediate 

clarification on complex topics, reducing stress and fostering engagement in challenging coursework. 

Studies demonstrate improved test performance among students using ChatGPT, particularly in 

conceptual understanding and problem-solving (Almogren et al., 2024). Additionally, AI-powered learning 

platforms facilitate interactive simulations and gamified learning experiences, further enhancing knowledge 

retention and engagement (Chiu et al., 2023; Grassini, 2023). However, balancing AI assistance with critical 

engagement remains a challenge (Veras et al., 2023). 

Despite extensive research, gaps remain in understanding ChatGPT's adoption determinants. The role of 

cultural differences in AI adoption, as well as potential disparities in accessibility among different 

socioeconomic groups, require further investigation (Chiva-Bartoll et al., 2020; Chu et al., 2022). While 

studies have examined academic performance and motivation, empirical evidence on influencing factors is 

limited. This study explores how performance expectancy, effort expectancy, social influence, and hedonic 

motivation shape ChatGPT adoption in higher education, providing insights for optimizing AI-assisted 

learning environments (Hasanein & Sobaih, 2023). 

2.5 UTAUT2 Framework in Educational Contexts 

The Unified Theory of Acceptance and Use of Technology (UTAUT2) is an extension of the original 

UTAUT model, tailored to better address technology acceptance in consumer contexts. It was developed to 

improve the prediction of technology adoption behaviors by incorporating three additional constructs: 

hedonic motivation (HM), price value (PV), and habit (HT). These constructs, along with the original 

UTAUT constructs: performance expectancy (PE), effort expectancy (EE), social influence (SI), and 
facilitating conditions (FC), enhance the explanation of behavioral intention (BI) and technology use among 

consumers (Venkatesh et al., 2003, 2012). 
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In the realm of higher education, the UTAUT2 model is frequently employed to investigate determinants 

affecting students’ and educators' intentions to adopt various technological solutions, including e-learning 

systems (Mehta et al., 2019; Raman & Thannimalai, 2021; Raza et al., 2022), metaverse (Al-Adwan & Al-

Debei, 2024), immersive virtual and augmented reality (Bower et al., 2020; Faqih & Jaradat, 2021; F.-H. 

Huang, 2020), mobile applications (Ameri et al., 2020; Kang et al., 2015; Muangmee et al., 2021), virtual 

training platforms (Zacharis & Nikolopoulou, 2022) and learning management systems (Ain et al., 2016; 

Alotumi, 2022; Kumar & Bervell, 2019). Recent research emphasizes how contextual factors, such as the 

COVID-19 pandemic, can significantly moderate these relationships, demonstrating the adaptability of 

UTAUT2 in dynamic educational settings (Osei et al., 2022; Zacharis & Nikolopoulou, 2022). Furthermore, 

the model has proven effective in guiding the design and implementation of educational technology tools, 

as it comprehensively integrates hedonic, economic, and habitual factors alongside traditional determinants 

of technology adoption, thereby improving the predictability of user intentions and actual technology use 

across various educational contexts (Kavitha & Joshith, 2024a). 

In essence, UTAUT2 offers a robust and comprehensive framework for understanding technology 

acceptance by incorporating psychological, economic, and habitual determinants along with conventional 

acceptance factors. It is thus particularly relevant for research in education, providing detailed insights into 

technology use patterns among learners and educators (Kavitha & Joshith, 2024b). 

Based on the reviewed literature, it is evident that a detailed investigation into the behavioral drivers of 

ChatGPT adoption among Generation Z students is needed. This study addresses that need by applying the 

UTAUT2 framework in a Central European context. 

METHODOLOGY 

3.1 Research Hypotheses 

Given that the primary aim of this research is to examine the behavioral factors influencing Generation Z’s 

adoption and use of ChatGPT in higher education, the UTAUT2 model emerges as an appropriate theoretical 

lens. This model allows for a structured analysis of key predictors of technology acceptance among digital-

native students, capturing both rational and experiential motivations behind their engagement with AI tools. 

Generation Z, generally defined as individuals born between the mid-1990s and early 2010s, represents 

digital natives who have grown up immersed in digital technology (Axcell & Ellis, 2023). They demonstrate 

high technology proficiency, frequently accessing personalized, interactive, and visually engaging digital 

resources, which enhance their problem-solving skills and adaptability (Saiyed et al., 2022; Seemiller & 

Grace, 2017).  

Generation Z students are characterized by a strong preference for immediate access to knowledge and 

rapid adaptation to technological advancements, making them inherently inclined to adopt and use AI-

powered tools across diverse aspects of their lives. Their constant exposure to digital environments shapes 

distinct learning preferences and behaviors, including a predilection for multimedia-rich, interactive, and 

hybrid learning approaches (Seemiller & Grace, 2017). Moreover, Generation Z exhibits notable attributes, 

such as strong aspirations toward success, a persistent desire for self-improvement, efficiency, and 

adaptability, which foster quick information acquisition and effective problem-solving skills (Saiyed et al., 

2022). These attributes suggest a natural alignment with innovative educational technologies like ChatGPT, 

which offer immediacy, personalized assistance, and interactive functionalities appealing to this specific 

generational cohort (Chiu et al., 2023). 

Consequently, the comprehensive structure of UTAUT2, integrating intrinsic (hedonic motivation), 

extrinsic (performance and effort expectancy), social, and contextual elements (facilitating conditions, 

social influences), aligns particularly well with Generation Z’s technology acceptance characteristics. The 

increasing relevance of interactive, personalized, and engaging technological environments further supports 

the applicability of UTAUT2 for analyzing Generation Z’s adoption behaviors in educational contexts 

(Alshammari & Alshammari, 2024). 
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Recent research employing the UTAUT2 model to examine factors influencing students' acceptance and 

adoption of ChatGPT demonstrates varied findings, highlighting considerable variability across empirical 

results. Specifically, studies reveal differing significance levels of individual UTAUT2 constructs, 

indicating that the importance and strength of factors influencing behavioral intentions and actual usage 

may vary depending on contextual, cultural, or demographic variables. Such variability underscores the 

need for continued research to further validate the model's applicability and robustness, particularly in newly 

emerging educational contexts such as the utilization of AI-based tools like ChatGPT. 

Given this variability in existing findings, the purpose of the current study is to comprehensively 

examine the factors influencing Generation Z students' intention and actual usage of ChatGPT within the 

Polish higher education context. By doing so, the study will fill the identified research gap, providing deeper 

insights into the specific determinants of ChatGPT acceptance among Polish students from Generation Z. 

Consequently, this research contributes to the existing literature by clarifying the role of UTAUT2 

constructs, thus offering theoretical enrichment and practical recommendations for educational institutions 

aiming to integrate ChatGPT effectively into the learning process. 

The Unified Theory of Acceptance and Use of Technology (UTAUT2) includes seven primary 

constructs: Performance Expectancy, Effort Expectancy, Social Influence, Facilitating Conditions, Hedonic 

Motivation, Price Value, and Habit, which together explain users' behavioral intention and actual usage 

behavior of new technologies (Venkatesh et al., 2012). This document provides detailed descriptions of each 

construct within the educational context of ChatGPT adoption among Generation Z university students, 

supported by empirical findings and corresponding research hypotheses. 

 

Performance Expectancy (PE)  

Performance Expectancy is defined as "the degree to which an individual believes that using the system 

will help him or her to attain gains in job performance" (Venkatesh et al., 2003). This implies that 

individuals are more likely to adopt new technology if they believe it will enable them to perform their 

tasks more effectively (Chakava et al., 2018). In this study, Performance Expectancy refers to the extent 

to which students perceive ChatGPT as a useful educational tool, enabling them to accomplish tasks 

more efficiently, enhance their productivity, and improve their learning performance.  

Previous studies on technology adoption consistently demonstrate that Performance Expectancy 

significantly predicts behavioral intention (Ahmed et al., 2020; Zhou et al., 2019). Research further confirms 

that students are more inclined to use technology when they believe it will improve their performance 

(Anthony et al., 2023). Specifically, Al-Emran et al. (2024), Almahri et al. (2020), and Rahim et al. (2022) 

have validated the positive association between Performance Expectancy and students' behavioral intention 

to use chatbots for learning purposes. ChatGPT’s ability to provide auto-generated text-based information 

relevant to study topics allows learners to reduce time spent searching across multiple sources. Additionally, 

its summary-based content enhances students’ reading and writing skills, reinforcing their learning 

effectiveness. Accordingly, we propose that: 

H1: Performance Expectancy positively influences Generation Z students' behavioral intention to use 

ChatGPT. 

Effort Expectancy (EE) 

Effort Expectancy is defined as the degree of ease associated with using a technology, playing a crucial 

role in technology adoption (Hooda et al., 2022; Venkatesh et al., 2003). When students perceive a 

technology as easy to use, they are more likely to adopt it. In the context of ChatGPT, studies confirm 

that its perceived effortlessness directly influences students' behavioral intention to engage with the 

platform (Al-Emran et al., 2024). 

Empirical evidence highlights that ChatGPT’s minimal learning curve encourages student adoption, as 

it allows quick and efficient access to information without requiring extensive technical skills (Mohd Rahim 
et al., 2022). Additionally, findings indicate that Generation Z often perceives new technologies as user-

friendly, reinforcing their inclination to engage with AI-powered tools like ChatGPT (Ahmed et al., 2020). 



Smart learning with AI: decision factors in generation z’s adoption of chatgpt using the utaut2 framework 

 

 

391 

Furthermore, research comparing various educational technologies consistently validates effort expectancy 

as a§ strong predictor of behavioral intention, including in mobile learning and e-learning platforms (Zhou 

et al., 2019). Accordingly, we propose that: 

H2: Effort Expectancy positively influences Generation Z students' behavioral intention to use ChatGPT. 

Social Influence (SI) 
Social Influence refers to the degree to which individuals perceive that significant others, such as peers, 

teachers, and family members, encourage the use of a particular technology (Venkatesh et al., 2012). 

It affects individual behavior through mechanisms like compliance, internalization, and identification, 

which can shape beliefs and decision-making regarding technology adoption (Dwivedi et al., 2019). 

While Social Influence has been a key determinant in the adoption of e-learning systems (Salloum & 

Shaalan, 2019), its impact on ChatGPT adoption appears less robust. In previous studies, conflicting 

findings can be observed regarding its significance. Research utilizing an extended UTAUT2 framework 

suggests that while Social Influence is generally important in technology adoption, its direct effect on 

students’ behavioral intentions to use ChatGPT is not always significant (Ahmed et al., 2020). This may be 

due to the growing independence of Generation Z in technology adoption, where facilitating conditions and 

usability play a more dominant role (Mohd Rahim et al., 2022). 

Contrasting perspectives exist regarding Social Influence in chatbot adoption. Some studies highlight 

its role in collaborative learning environments, reinforcing engagement through peer interactions (Al-Emran 

et al., 2024). Others argue that as technologies like ChatGPT become deeply integrated into daily student 

practices, their acceptance depends more on accessibility and ease of use rather than social encouragement 

(Lu, 2014). The divergence in findings underscores the need for continued exploration of Social Influence 

in the context of AI-driven educational tools. Given these perspectives, we propose the following hypothesis 

H3: Social Influence positively influences Generation Z students' behavioral intention to use ChatGPT. 

Facilitating Conditions (FC) 

Facilitating Conditions refer to the availability of resources, support systems, and infrastructure that 

enable effective technology use (Venkatesh et al., 2012). These include technical support, internet 

access, and institutional policies (Alshammari & Alshammari, 2024; Strzelecki, 2024b). 

Studies confirm that facilitating conditions significantly influence students' behavioral intention to use 

ChatGPT. Seamless access to devices and internet connectivity enhances adoption rates (Mohd Rahim et 

al., 2022). Additionally, institutional support, such as guidance from educators and technical assistance, 

reinforces students' confidence in using ChatGPT for learning (Al-Emran et al., 2024). 

Research highlights that students who perceive strong facilitating conditions are more likely to integrate 

AI tools into their academic routines (Ahmed et al., 2020). Generation Z, being digital natives, expects 

intuitive access to technology, making institutional support crucial (Zhou et al., 2019). Based on these 

insights, we propose the following hypotheses: 

H4: Facilitating Conditions positively influence Generation Z students’ behavioral intention to use 

ChatGPT.  
H5: Facilitating Conditions positively influence the actual use of ChatGPT among Generation Z students. 

 
Hedonic Motivation (HM) 

Hedonic Motivation is defined as the intrinsic enjoyment or pleasure individuals experience from using 

technology (Venkatesh et al., 2012). Generation Z students seek interactive, engaging, and enjoyable 

digital experiences, making Hedonic Motivation a key driver of technology adoption. 

Several studies confirm that students are more inclined to use ChatGPT when they find it enjoyable. 

Grassini et al. (2024) highlight that hedonic motivation positively influences behavioral intention, as 
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students perceive ChatGPT as a fun and engaging tool in their academic activities. Similarly, Foroughi et 

al. (2024) found that the satisfaction students derive from using AI-powered tools enhances their willingness 

to adopt them. Yilmaz et al. (2023) further reinforce that intrinsic enjoyment significantly contributes to 

behavioral intention, suggesting that students are more likely to continue using ChatGPT when they find it 

engaging. 

While hedonic motivation is not the sole predictor of adoption, its role remains significant, particularly 

in the initial engagement phase (Strzelecki, 2024). This underscores the importance of designing AI-based 

educational tools that maximize user enjoyment to encourage long-term adoption. Based on these insights, 

we propose the following hypothesis: 

H6: Hedonic Motivation positively influences Generation Z students' behavioral intention to use ChatGPT. 

Price Value (PV) 

Price Value represents the perceived benefit-cost trade-off related to using a technology (Venkatesh et 

al., 2012). ChatGPT offers both free and paid versions, leading students to evaluate its value not solely 

in financial terms but also in its educational benefits, such as learning efficiency and time-saving 

(Foroughi et al., 2024). 

Studies indicate that Price Value has a minimal effect on students' behavioral intention to use ChatGPT, 

likely due to the accessibility of a free version (Grassini, 2023). Instead of focusing on direct costs, students 

assess ChatGPT’s utility in achieving their academic goals, making its perceived educational value a 

stronger determinant of usage (Foroughi et al., 2024). 

Additionally, research suggests that the impact of Price Value depends on how students perceive the 

general utility of the technology. When students recognize tangible academic benefits, they are more 

inclined to engage with ChatGPT, regardless of pricing considerations (Almogren et al., 2024). However, 

further studies are needed to examine how Price Value influences adoption if future pricing structures 

change (Strzelecki, 2024b). Based on these insights, we propose the following hypothesis: 

H7: Price Value positively influences Generation Z students' behavioral intention to use ChatGPT. 

Habit (HT)  

Habit refers to the extent to which individuals tend to perform behaviors automatically due to past 

experiences or repeated usage patterns (Venkatesh et al., 2012). Empirical studies consistently identify 

Habit as a critical determinant of both intention and actual use of educational technologies (Foroughi 

et al., 2024; Strzelecki, 2024b). 

Several studies confirm that habit plays a crucial role in the behavioral intention to use ChatGPT. 

Foroughi et al. (2024) found that students who develop a routine of using ChatGPT are more likely to 

maintain long-term engagement with the tool. Their research highlights that habitual usage has a direct 

effect on user behavior, particularly in educational settings. Alshammari & Alshammari (2024) further 

support this finding, emphasizing that students' frequency of use contributes to the formation of habitual 

behavior. Regular interaction with ChatGPT fosters familiarity, leading to increased comfort and sustained 

use over time. Similarly, Yilmaz et al. (2023) identified habit as one of the strongest predictors of students’ 

behavioral intentions, indicating that academic routines incorporating ChatGPT reinforce its continued use. 

Additionally, Polyportis & Pahos (2025) noted that habitual engagement with ChatGPT leads to deeper 

integration of AI technology in academic practices. Their study found that students who developed a habit 

of using ChatGPT consistently relied on it for learning tasks, reinforcing its role as an educational tool. 

While habit may not be the sole determinant of technology adoption, its strong influence on behavioral 

intention suggests that as students incorporate ChatGPT into their regular study routines, they are more 

likely to continue using it. Based on these insights, we propose the following hypothesis: 

H8: Habit positively influences Generation Z students’ behavioral intention to use ChatGPT. 
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H9: Habit positively influences the actual use of ChatGPT by Generation Z students. 

 

Behavioral Intention (BI) 

Behavioral Intention describes individuals' willingness to adopt and utilize specific technologies 

(Venkatesh et al., 2012). Numerous studies confirm that BI is a strong predictor of actual technology 

use, directly impacting student engagement with ChatGPT (Foroughi et al., 2024; Strzelecki, 2024b). 

Research highlights that students with a high intention to use ChatGPT are significantly more likely to 

integrate it into their academic routines (Strzelecki, 2024a). This is reinforced by findings showing that 

positive attitudes and strong behavioral intentions drive actual usage behavior (Bin-Nashwan et al., 2023). 

Furthermore, studies indicate that constructs such as Performance Expectancy and Habit strengthen this 

relationship, as students who find ChatGPT useful and develop habitual usage patterns tend to maintain 

long-term engagement (Maruszewska et al., 2024). 

The application of the UTAUT2 model further supports this link, demonstrating that BI significantly 

explains variations in actual use behavior (Foroughi et al., 2024). These findings confirm that a strong 

intention to use ChatGPT translates into consistent engagement with the tool. Based on these insights, we 

propose the following hypothesis: 

 

H10: Behavioral Intention positively influences the actual usage behavior of ChatGPT among 

Generation Z students. 

 

The theoretical model illustrating the hypothesized relationships between the studied constructs is 

presented in Figure 1. Based on the UTAUT2 framework, it outlines the predictors of Behavioral Intention 

and Use Behavior in the context of ChatGPT adoption among Generation Z students. This model serves as 

the foundation for hypothesis testing in the study. 

 

Figure 1. Theoretical framework for ChatGPT adoption and usage among Generation Z students 
Source: own elaboration. 

3.2 Measurement scale 

The data collection method employed in this study utilized a seven-point Likert scale, where 
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This scale ensured consistency in assessing respondents' perceptions and attitudes toward ChatGPT 

usage. To measure Use Behavior, a seven-option frequency scale was employed, capturing the extent 

of students’ engagement with ChatGPT. The response categories were structured on a scale from 1 to 

7, where 1 corresponds to “Never”, 2 to “Once a month” 3 to “Several times a month”, 4 to “Once a 

week”, 5 to “Several times a week”, 6 to “Once a day”, and 7 to “Several times a day”. 

 

Table 1. Measurement items 

Construct Item Statement 

Performance PE1 Using ChatGPT increases my learning efficiency. 

Expectancy 

(PE) 

PE2 ChatGPT helps me achieve better results in academic tasks. 

 
PE3 ChatGPT allows me to find necessary information more quickly.  
PE4 I consider ChatGPT useful in my education process. 

Effort 

Expectancy   

EE1 ChatGPT is easy to use.  

(EE) EE2 Interacting with ChatGPT is clear and understandable.  
EE3 Even if technical issues arise, using ChatGPT is easy to manage.  
EE4 Learning how to use ChatGPT took me little time. 

Social  SI1 My friends/students think I should use ChatGPT. 

Influence (SI) SI2 Instructors and other educational authorities encourage me to use ChatGPT.  
SI3 People important to me consider using ChatGPT a good idea. 

Facilitating 

Conditions 

FC1 I have access to the necessary tools to use ChatGPT (e.g., computer, internet). 

(FC) FC2 I know how to get help if I encounter issues with ChatGPT.  
FC3 There are resources and support available to facilitate my use of ChatGPT. 

Hedonic 

Motivation 

HM1 Using ChatGPT is enjoyable for me. 

(HM) HM2 I find ChatGPT interesting and engaging.  
HM3 Using ChatGPT makes learning more satisfying. 

Habit (HT) HT1 Using ChatGPT feels natural to me.  
HT2 I use ChatGPT frequently because I am accustomed to it.  
HT3 I feel the need to use ChatGPT in my daily learning.  
HT4 My habit of using ChatGPT helps me complete academic tasks more efficiently. 

Price Value  PV1 Using ChatGPT is worth its price (if it is a paid version). 

(PV) PV2 I believe the benefits of using ChatGPT outweigh potential costs (time, money).  
PV3 Even if ChatGPT required payment, I would consider using it. 

Behavioral 

Intention 

BI1 I intend to use ChatGPT for educational purposes in the future. 

(BI) BI2 I plan to recommend ChatGPT to other students.  
BI3 I will use ChatGPT more frequently in the coming months. 

Use Behavior 

(UB) 

UB1 How often do you use ChatGPT?  

Source: own elaboration. 

A total of 27 items were used in the questionnaire, incorporating elements from Venkatesh et al.’s (2012, 

2012) UTAUT and UTAUT2 models, along with refinements based on prior research on AI adoption in 

education. A detailed presentation of the measurement scale and descriptive statistics is available in Table 

1. This approach ensures that the study adheres to best practices in technology adoption research, providing 

a robust framework for analyzing ChatGPT usage patterns among Generation Z students. 

3.3 Sample Characteristics 
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In Partial Least Squares Structural Equation Modeling (PLS-SEM) research, selecting an appropriate 

sample size is critical for ensuring reliable and valid results. The required number of participants is 

influenced by multiple factors, including the complexity of the model, the number of latent variables 

and indicators, the strength of relationships between variables, and the statistical power needed for the 

analysis (Hair et al., 2013). While some scholars argue that at least 100–200 observations are sufficient 

(Kock, 2018), others recommend a ratio of at least 5:1 or 10:1 between the sample size and the number 

of indicators. Given that this study includes 27 indicators, a minimum of 280 responses was required 

to ensure statistical adequacy. 

The data collection was conducted in February 2025 at the University of Szczecin, Poland. The 

questionnaire was distributed electronically via Google Forms and sent directly to students' university email 

addresses. A total of 346 valid responses were obtained. 

The sample comprised students from various academic backgrounds and levels of study: 64.7% of 

respondents were female students, 32.9% were male students, 2.3% preferred not to disclose their gender. 

In terms of academic progression, the distribution was as follows: 77.7% undergraduate (bachelor's) 

students, 22.0% master's students, 0.3% PhD candidates. Regarding the mode of study: 91.3% were enrolled 

in full-time programs, 8.7% were part-time (extramural) students. The diversity of respondents in terms of 

gender, study level, and study mode ensures that the dataset is representative of Generation Z’s adoption of 

ChatGPT in a university environment. 

RESULTS 

The analysis began with a descriptive statistical summary of the studied variables. Table 2 presents the 

means (M), standard deviations (SD), and factor loadings for each construct in the model. According 

to the literature, acceptable factor loadings should fall within the range of 0.5–0.7 for minimal 

acceptability and above 0.7 for strong indicators (Hair et al., 2013). For further analysis, 

the SI2 and FC1 items were removed due to their factor loadings being below the acceptability 

threshold, which could negatively affect model reliability. To provide an overview of the key findings, 

the following subsections summarize the most relevant descriptive statistics: 

• The highest mean values were observed for Effort Expectancy (M = 6.27, SD = 

1.30) and Facilitating Conditions (M = 6.72, SD = 0.79), indicating that students generally perceive 

ChatGPT as an easy-to-use tool and have access to sufficient resources supporting its utilization. 

The lowest mean values were recorded for Social Influence (M = 3.28, SD = 1.72) and Price Value (M 

= 4.01, SD = 1.98), suggesting that social pressure is not a key factor in ChatGPT adoption, and its financial 

value is of moderate importance. To verify the reliability and validity of the measurement model, a construct 

reliability analysis was conducted. The results in Table 3 showed that all Cronbach’s alpha values 

exceeded 0.65, indicating acceptable internal scale consistency. According to Nunnally (1994), a 

Cronbach’s alpha above 0.70 is considered good, while values between 0.60 and 0.70 are acceptable for 

exploratory research. Additionally, Composite Reliability (CR) values were above 0.75, which exceeds the 

recommended threshold of 0.70 (Hair et al., 2019). The Average Variance Extracted (AVE) values for all 

constructs were greater than 0.5, which confirms the convergent validity of the model as per Fornell and 

Larcker (1981). 

The next step involved analyzing the correlation matrix for the variables in the model (Table 4). The 

most notable observations include: 

• The strongest correlation was found between habit and behavioral intention (r = 0.702), suggesting 

that users who engage with ChatGPT habitually are more likely to intend to continue using it. 

• Behavioral intention showed a moderate correlation with use behavior (r = 0.476), indicating that 

while intention plays a role in actual usage, other factors are also influential. 

• Weak correlations were observed for effort expectancy and behavioral intention (r = 0.102), as 

well as social influence and behavioral intention (r = 0.093), suggesting a limited effect of these 

variables on the adoption process. 
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Table 2. Measurement Items and Factor Loadings 

Construct Item Mean Standard 

Deviation 

Loading 

Performance PE1 4.988 1.684 0.643 

Expectancy (PE) PE2 5.413 1.521 0.656  
PE3 6.194 1.256 0.618  
PE4 5.659 1.43 0.720 

Effort Expectancy (EE) EE1 6.399 0.988 0.717  
EE2 5.65 1.322 0.699  
EE3 5.668 1.363 0.703  
EE4 6.272 1.299 0.616 

Social Influence (SI) SI1 5.387 1.603 0.621  
SI2 3.289 1.72 0.579  
SI3 4.858 1.603 0.631 

Facilitating Conditions FC1 6.723 0.79 0.474 

(FC) FC2 5.009 1.849 0.612  
FC3 5.127 1.788 0.644 

Hedonic Motivation HM1 5.526 1.479 0.857 

(HM) HM2 5.509 1.527 0.871  
HM3 5.231 1.774 0.858 

Habit (HT) HT1 5.254 1.645 0.792  
HT2 4.879 1.909 0.843  
HT3 4.092 2.048 0.816  
HT4 5.153 1.781 0.796 

Price Value (PV) PV1 4.017 1.988 0.790  
PV2 4.618 1.863 0.774  
PV3 4.327 2.056 0.798 

Behavioral Intention BI1 5.714 1.473 0.825 

(BI) BI2 5.275 1.742 0.816  
BI3 5.09 1.781 0.791 

Use Behavior (UB) UB1 5.535 1.283 1.0 

Source: own elaboration. 

Table 3. Construct Reliability and Validity 

CONSTRUCT CRONBACH'S 

ALPHA 

COMPOSITE 

RELIABILITY 

RELIABILITY 

COEFFICIENT 

AVE 

PE 0.741 0.636 0.798 0.636 

EE 0.766 0.657 0.810 0.657 

SI 0.657 0.554 0.745 0.554 

FC 0.813 0.710 0.843 0.710 

HM 0.887 0.685 0.827 0.685 

HT 0.916 0.644 0.802 0.644 

PV 0.859 0.609 0.780 0.609 

BI 0.836 0.588 0.767 0.588 
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Source: own elaboration. 

Correlation values above 0.7 indicate strong relationships, while those between 0.3 and 0.7 suggest 

moderate associations, and values below 0.3 indicate weak correlations (Cohen, 1988). These results 

confirm that habit is the most significant driver of behavioral intention, whereas external influences such as 

social factors have minimal impact. 

 

Table 4. Correlation Matrix of Constructs 
 

PE EE SI FC HM HT PV BI UB 

PE 1.0 
       

 

EE 0.384 1.0 
      

 

SI 0.467 0.290 1.0 
     

 

FC 0.327 0.416 0.363 1.0 
    

 

HM 0.578 0.389 0.451 0.434 1.0 
   

 

HT 0.572 0.371 0.442 0.364 0.591 1.0 
  

 

PV 0.440 0.331 0.375 0.369 0.422 0.504 1.0 
 

 

BI 0.640 0.379 0.476 0.393 0.619 0.702 0.552 1.0   

UB 0.345 0.259 0.263 0.263 0.344 0.593 0.318 0.476 1.0 

Source: own elaboration. 
 

To further validate the discriminant validity of the constructs, the Fornell-Larcker Criterion Matrix was 

analyzed (Table 5). This method ensures that the square root of the AVE for each construct is higher than 

its correlation with other constructs (Fornell & Larcker, 1981). Key findings include: 

• All constructs met the Fornell-Larcker criteria, confirming that each construct is distinct from the 

others. 

• The highest AVE values were observed for Habit (AVE = 0.729) and Performance Expectancy 

(AVE = 0.701), indicating strong construct validity. 

• The lowest AVE values were found for Social Influence (AVE = 0.512) and Facilitating Conditions 

(AVE = 0.524), but they still met the minimum threshold of 0.5, suggesting acceptable validity. 

These results support the robustness of the measurement model and confirm that each construct captures 

unique variance in the dataset. 

Table 5. Fornell-Larcker Criterion Matrix 
 

PE EE SI FC HM HT PV BI UB 

PE 0.797 0.384 0.467 0.327 0.578 0.572 0.440 0.640 0.345 

EE 0.384 0.811 0.290 0.416 0.389 0.371 0.331 0.379 0.259 

SI 0.467 0.290 0.744 0.363 0.451 0.442 0.375 0.476 0.263 

FC 0.327 0.416 0.363 0.843 0.434 0.364 0.369 0.393 0.224 

HM 0.578 0.389 0.451 0.434 0.828 0.591 0.422 0.619 0.344 

HT 0.572 0.371 0.442 0.364 0.591 0.802 0.504 0.702 0.593 

PV 0.440 0.331 0.375 0.369 0.422 0.504 0.780 0.552 0.318 

BI 0.640 0.379 0.476 0.393 0.619 0.702 0.552 0.767 0.476 

UB 0.345 0.259 0.263 0.224 0.344 0.593 0.318 0.476 1.0 

Source: own elaboration. 

The structural model path analysis provided insights into the relationships between the studied variables 

(Table 6 and Figure 2). The results indicate that not all hypotheses were confirmed. To determine whether 

a hypothesis was supported, statistical significance was assessed using p-values (<0.05 considered 

significant) and standardized path coefficients (β-values) to measure the strength of relationships. 

The findings indicate that performance expectancy (β = 0.247, p < 0.001), hedonic motivation (β = 
0.164, p = 0.001), and habit (β = 0.279, p < 0.001) significantly influenced behavioral intention, 

confirming H1, H5, and H8, respectively, suggesting that students adopt ChatGPT when they perceive it as 
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useful, enjoyable, and have developed a habit of using it. Among these, habit had the strongest effect on 

actual use behavior, supporting H9 and highlighting its critical role in technology adoption. 

Conversely, effort expectancy (H2), social influence (H3), and facilitating conditions (H4) did not have 

a significant impact on behavioral intention, indicating that ease of use, peer influence, and external support 

were not key drivers of ChatGPT adoption. Additionally, the relationship between behavioral intention and 

use behavior was not statistically significant, implying that mere intention does not necessarily translate into 

sustained usage. These findings underscore the importance of intrinsic motivation and habitual 

engagement in technology adoption, while external influences and usability factors appear to play a lesser 

role. 

Table 6. Path Coefficients and Hypothesis Testing 

Hypothesis Path  Coefficient P values f² Confirmed 

H1 Performance Expectancy → Behavioral Intention 0.247 0.000 0.076 Yes 

H2 Effort Expectancy → Behavioral Intention 0.015 0.758 0.000 No 

H3 Social Influence → Behavioral Intention 0.063 0.123 0.008 No 

H4 Facilitating Conditions → Behavioral Intention 0.024 0.478 0.002 No 

H5 Facilitating Conditions → Use Behavior -0.007 0.860 0.000 No 

H6 Hedonic Motivation → Behavioral Intention 0.164 0.001 0.037 Yes 

H7 Price Value → Behavioral Intention 0.127 0.000 0.052 Yes 

H8 Habit → Behavioral Intention 0.279 0.000 0.166 Yes 

H9 Habit → Use Behavior 0.397 0.000 0.203 Yes 

H10 Behavioral Intention → Use Behavior 0.116 0.068 0.011 No 

Source: own elaboration. 

The explained variance of the model was assessed using R² and Q² values. R² indicates the proportion 

of variance explained by the independent variables, while Q² represents the predictive relevance of the 

model. 

• Behavioral Intention (R² = 0.631, Q² = 0.631) → The model explains 63.1% of the variance in 

behavioral intention, suggesting a strong predictive capability. 

• Use Behavior (R² = 0.358, Q² = 0.358) → The model accounts for 35.8% of the variance in actual 

use behavior, indicating a moderate explanatory power. 

According to Falk and Miller (1992), R² values above 0.26 are considered substantial, values around 

0.13 are moderate, and those below 0.02 are weak. The results suggest that the model provides a solid 

explanation for behavioral intention but has a more moderate ability to predict actual use behavior. The Q² 

values above zero confirm that the model has predictive relevance (Hair et al., 2013). 
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Figure 2. Final Structural Model: Path Coefficients and Hypothesis Testing 
Source: own elaboration. 

 

DISCUSSION 

The findings of this study provide valuable insights into the factors influencing the adoption of 

ChatGPT among Generation Z students in higher education, using the UTAUT2 framework. This 

directly supports the aim of the study, which was to identify key predictors of ChatGPT adoption within 

this digital-native group. The key predictors of ChatGPT use were usefulness, enjoyment, and habit. 

Students view ChatGPT as a helpful and engaging tool that supports their learning. These findings 

align with prior research emphasizing the role of perceived usefulness and enjoyment in technology 

adoption (Hasanein & Sobaih, 2023; Yilmaz et al., 2023). The significance of habit also reflects earlier 

studies that identified routine engagement as a strong driver of sustained use of AI tools (Baidoo-Anu 

& Owusu Ansah, 2023; Grassini, 2023).  

However, our findings contrast with those of Menon & Shilpa (2023), who found that facilitating 

conditions played a more dominant role in AI adoption among students in non-technical disciplines. In our 

study, facilitating conditions and effort expectancy were not significant, which may reflect Generation Z’s 

high level of digital literacy and comfort with independent use of technology. These results suggest that 

institutions aiming to promote AI adoption among students should focus on integrating tools like ChatGPT 

into daily academic tasks, while emphasizing their usefulness and potential for enhancing engagement, 

rather than relying on peer encouragement or institutional support systems. 

Effort expectancy, social influence, and facilitating conditions had little impact on behavioral intention. 

Generation Z students, as digital natives, easily navigate AI tools independently. Prior studies have reported 

similar trends, indicating that ease of use is less critical for technology adoption among highly digitalized 

user groups (Chu et al., 2022; Elshaer et al., 2024). However, this contradicts findings from Okonkwo & 

Ade-Ibijola (2021), who highlighted that social influence played a significant role in AI adoption in contexts 

where digital literacy was lower. This suggests that in less digitally literate environments, students may rely 
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more on recommendations from peers and instructors when adopting new AI tools, whereas in highly 

digitalized contexts, self-efficacy and habitual use become more dominant factors. 

The findings also reveal a discrepancy between behavioral intention and actual use behavior, suggesting 

that while students express strong intentions to use ChatGPT, external factors may influence sustained 

adoption. This is particularly relevant in the context of educational policies, institutional AI guidelines, and 

ethical considerations surrounding AI-generated content (Nugroho & Wuryani, 2023; Sullivan et al., 2023). 

Similar concerns were raised by Dempere et al. (2023), who noted that faculty-imposed restrictions and 

concerns about academic dishonesty may prevent students from fully utilizing AI-driven learning tools. 

This study confirms that habit is the strongest factor predicting actual ChatGPT use. Students who use 

the tool regularly are more likely to keep using it. This supports previous research highlighting that once 

students incorporate AI into their study routines, they are more likely to rely on it consistently (Almogren 

et al., 2024; Foroughi et al., 2024). Similar conclusions were drawn by Grassini et al. (2023), who 

emphasized that habit formation is a key determinant of technology persistence, particularly in self-directed 

learning environments. 

The study also highlights potential socioeconomic and cultural disparities in AI adoption. The results 

suggest that while students generally report high levels of access to ChatGPT, their ability to effectively 

integrate it into their learning varies depending on institutional and contextual factors. Digital readiness and 

AI literacy were found to be inconsistent across different academic institutions, indicating that while 

students may be familiar with AI tools, their ability to leverage them for meaningful learning differs (Chiva-

Bartoll et al., 2020; Chu et al., 2022). This underscores the need for universities to not only provide access 

to AI-driven tools but also develop structured AI adoption strategies that support skill development and 

equitable engagement. Vargas-Murillo et al. (2023) similarly stressed that unregulated AI adoption could 

widen existing educational inequalities, making AI literacy initiatives crucial for ensuring inclusive learning 

environments. 

Additionally, the ethical implications of AI use in education remain a critical area for consideration. 

While ChatGPT facilitates personalized learning and academic efficiency, concerns regarding plagiarism, 

over-reliance on AI-generated content, and critical thinking erosion must be addressed through institutional 

AI literacy programs (Lozano & Blanco Fontao, 2023; Wardat et al., 2023). Victor (2024) argues that over-

reliance on AI-driven tools may lead to declining problem-solving skills among students, reinforcing the 

necessity of policies that balance AI integration with traditional pedagogical methods. 

Although the data were collected in Poland, the findings offer insights relevant to higher education 

institutions worldwide. The behavioral patterns observed among Generation Z students—especially the 

dominant role of habit, enjoyment, and perceived usefulness—are likely to be applicable in other digitally 

literate populations. These insights can inform global strategies for integrating AI tools like ChatGPT into 

academic environments by highlighting the importance of embedding them into students’ daily routines and 

making them both useful and engaging. Furthermore, this research contributes to the broader understanding 

of AI adoption by students, helping international educators and policymakers anticipate how young users 

engage with AI-driven technologies. These findings are particularly relevant in the context of the growing 

global demand for scalable, AI-supported learning solutions that align with learners’ preferences and 

behaviors. 

Despite the relevance and consistency of the findings, this study has some limitations that should be 

acknowledged. First, the sample is limited to university students in Poland, which may affect the 

generalizability of the findings to other cultural or educational contexts. Future research should include 

comparative studies involving students from different countries or regions. Second, the data were collected 

through self-reported questionnaires, which can be subject to response biases such as social desirability or 

inaccurate self-assessment. Combining quantitative surveys with qualitative interviews or behavioral data 

could improve the robustness of future studies. Third, the complexity of the UTAUT2 framework and 

statistical techniques like PLS-SEM may pose challenges for interpretation by readers unfamiliar with these 

methods. Future research might explore simpler models or apply mixed-methods approaches for better 

accessibility. Despite these limitations, the study offers valuable insights into the behavioral factors driving 

ChatGPT adoption and provides a foundation for further research in AI-supported education. 
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Compared to prior studies, our findings reinforce the importance of intrinsic motivators such as habit 

and enjoyment over external conditions like peer influence or institutional support, particularly among 

digitally literate populations. This suggests a shift in technology adoption logic among Generation Z 

students, who are increasingly autonomous and goal-oriented in their use of AI tools. The added value of 

our study lies in applying the UTAUT2 model specifically to ChatGPT adoption in a Central European 

context, which has been largely underrepresented in existing research. By focusing on this emerging 

technology within a defined sociocultural environment, the study not only validates the UTAUT2 

framework across settings but also highlights the need for locally tailored AI strategies in education. 

CONCLUSION 

This study contributes to the growing body of literature on AI adoption in higher education by applying 

the UTAUT2 framework to analyze ChatGPT usage among Generation Z students. Results show habit 

and perceived usefulness strongly influence students’ adoption of ChatGPT. In contrast, ease of use 

and social influence have minimal impact.  These results support the importance of habitual technology 

use and intrinsic motivation in AI-assisted learning environments. Our findings also highlight that AI 

literacy disparities and institutional policies significantly influence long-term adoption (Dikilitaş et al., 

2024; Yin et al., 2021). 

From a practical perspective, university administrators and educators should use these findings to 

develop AI-integrated learning strategies that align with students' study behaviors. This includes promoting 

responsible AI use, enhancing AI literacy, and ensuring equitable access to AI-driven tools. Moreover, 

policymakers should focus on guidelines that regulate AI use while maintaining academic integrity and 

encouraging critical thinking (Chan & Tsi, 2023). 

Future research should explore the long-term impact of AI integration on student engagement and 

learning outcomes. Comparative studies across different educational systems could provide deeper insights 

into how institutional and cultural factors shape AI adoption patterns. Additionally, investigating the 

intersection of personality traits and motivation in AI use may yield new perspectives on technology 

acceptance models (Osei et al., 2022). 

Overall, while ChatGPT presents opportunities to enhance learning, its effectiveness depends 

on responsible implementation, habitual engagement, and institutional support. By addressing these aspects, 

universities can optimize AI-driven education and support student success in an increasingly digital learning 

landscape. 

Funding: Co-financed by the Minister of Science under the “Regional Excellence Initiative”. 

 

 

REFERENCES 

Abas, M. A., Arumugam, S. E., Yunus, M. M., & M. Rafiq, K. R. (2023). ChatGPT and Personalized Learning: 

Opportunities and Challenges in Higher Education. International Journal of Academic Research in Business 

and Social Sciences, 13(12), Pages 3936-3945. https://doi.org/10.6007/IJARBSS/v13-i12/20240 

Abbas, M., Jam, F. A., & Khan, T. I. (2024). Is it harmful or helpful? Examining the causes and consequences of 

generative AI usage among university students. International Journal of Educational Technology in Higher 

Education, 21(1). Scopus. https://doi.org/10.1186/s41239-024-00444-7 

Abbas, N., Whitfield, J., Atwell, E., Bowman, H., Pickard, T., & Walker, A. (2022). Online chat and chatbots to 

enhance mature student engagement in higher education. International Journal of Lifelong Education, 41(3), 

308–326. https://doi.org/10.1080/02601370.2022.2066213 



   MAGDALENA KOWALSKA ET AL. 

 

 

402 

Ahmed, M. H., Bogale, A. D., Tilahun, B., Kalayou, M. H., Klein, J., Mengiste, S. A., & Endehabtu, B. F. (2020). 

Intention to use electronic medical record and its predictors among health care providers at referral hospitals, 

north-West Ethiopia, 2019: Using unified theory of acceptance and use technology 2(UTAUT2) model. BMC 

Medical Informatics and Decision Making, 20(1), 207. https://doi.org/10.1186/s12911-020-01222-x 

Ain, N., Kaur, K., & Waheed, M. (2016). The influence of learning value on learning management system use: An 

extension of UTAUT2. Information Development, 32(5), 1306–1321. 

https://doi.org/10.1177/0266666915597546 

Al-Adwan, A. S., & Al-Debei, M. M. (2024). The determinants of Gen Z’s metaverse adoption decisions in higher 

education: Integrating UTAUT2 with personal innovativeness in IT. Education and Information 

Technologies, 29(6), 7413–7445. https://doi.org/10.1007/s10639-023-12080-1 

Alafnan, M. A., Dishari, S., Jovic, M., & Lomidze, K. (2023). ChatGPT as an Educational Tool: Opportunities, 

Challenges, and Recommendations for Communication, Business Writing, and Composition Courses. Journal 

of Artificial Intelligence and Technology, 3(2), 60–68. Scopus. https://doi.org/10.37965/jait.2023.0184 

Al-Emran, M., AlQudah, A. A., Abbasi, G. A., Al-Sharafi, M. A., & Iranmanesh, M. (2024). Determinants of Using 

AI-Based Chatbots for Knowledge Sharing: Evidence From PLS-SEM and Fuzzy Sets (fsQCA). IEEE 

Transactions on Engineering Management, 71, 4985–4999. https://doi.org/10.1109/TEM.2023.3237789 

Almahri, F. A. J., Bell, D., & Merhi, M. (2020). Understanding Student Acceptance and Use of Chatbots in the United 

Kingdom Universities: A Structural Equation Modelling Approach. 2020 6th International Conference on 

Information Management (ICIM), 284–288. https://doi.org/10.1109/ICIM49319.2020.244712 

Almasri, F. (2024). Exploring the Impact of Artificial Intelligence in Teaching and Learning of Science: A Systematic 

Review of Empirical Research. Research in Science Education, 54(5), 977–997. 

https://doi.org/10.1007/s11165-024-10176-3 

Almogren, A. S., Al-Rahmi, W. M., & Dahri, N. A. (2024). Exploring factors influencing the acceptance of ChatGPT 

in higher education: A smart education perspective. Heliyon, 10(11). Scopus. 

https://doi.org/10.1016/j.heliyon.2024.e31887 
Alotumi, M. (2022). Factors influencing graduate students’ behavioral intention to use Google Classroom: Case study-

mixed methods research. Education and Information Technologies, 27(7), 10035–10063. Scopus. 

https://doi.org/10.1007/s10639-022-11051-2 

Alshammari, S. H., & Alshammari, M. H. (2024). Factors Affecting the Adoption and Use of ChatGPT in Higher 

Education: International Journal of Information and Communication Technology Education, 20(1), 1–16. 

https://doi.org/10.4018/IJICTE.339557 

Ameri, A., Khajouei, R., Ameri, A., & Jahani, Y. (2020). Acceptance of a mobile-based educational application 

(LabSafety) by pharmacy students: An application of the UTAUT2 model. Education and Information 

Technologies, 25(1), 419–435. https://doi.org/10.1007/s10639-019-09965-5 

Anthony, B., Kamaludin, A., & Romli, A. (2023). Predicting Academic Staffs Behaviour Intention and Actual Use of 

Blended Learning in Higher Education: Model Development and Validation. Technology, Knowledge and 

Learning, 28(3), 1223–1269. https://doi.org/10.1007/s10758-021-09579-2 

Axcell, S., & Ellis, D. (2023). Exploring the attitudes and behaviour of Gen Z students towards branded mobile apps 

in an emerging market: UTAUT2 model extension. Young Consumers, 24(2), 184–202. 

https://doi.org/10.1108/YC-03-2022-1491 

Baidoo-Anu, D., & Owusu Ansah, L. (2023). Education in the Era of Generative Artificial Intelligence (AI): 

Understanding the Potential Benefits of ChatGPT in Promoting Teaching and Learning. SSRN Electronic 

Journal. https://doi.org/10.2139/ssrn.4337484 

Bates, T., Cobo, C., Mariño, O., & Wheeler, S. (2020). Can artificial intelligence transform higher education? 

International Journal of Educational Technology in Higher Education, 17(1), 42, s41239-020-00218–x. 

https://doi.org/10.1186/s41239-020-00218-x 

Bin-Nashwan, S. A., Sadallah, M., & Bouteraa, M. (2023). Use of ChatGPT in academia: Academic integrity hangs in 

the balance. Technology in Society, 75, 102370. https://doi.org/10.1016/j.techsoc.2023.102370 

Bower, M., DeWitt, D., & Lai, J. W. M. (2020). Reasons associated with preservice teachers’ intention to use 

immersive virtual reality in education. British Journal of Educational Technology, 51(6), 2215–2233. 

https://doi.org/10.1111/bjet.13009 

Chakava, M. H., Mberia, H. K., & Gatero, G. (2018). Relationship between Performance Expectancy and Use of New 

Media in Scholarly Communication by Academic Staff in Public Universities in Kenya. IOSR Journal of 

Humanities and Social Science, 23(6), 49–59. https://doi.org/DOI: 10.9790/0837-2306044959 

Chan, C. K. Y., & Tsi, L. H. Y. (2023). The AI Revolution in Education: Will AI Replace or Assist Teachers in Higher 

Education? (Version 1). arXiv. https://doi.org/10.48550/ARXIV.2305.01185 



Smart learning with AI: decision factors in generation z’s adoption of chatgpt using the utaut2 framework 

 

 

403 

Cheung, S. K. S., Wang, F. L., & Kwok, L. F. (2021). The Continuous Pursuit of Smart Learning. Australasian Journal 

of Educational Technology, 37(2), 1–6. https://doi.org/10.14742/ajet.7207 

Chiu, T. K. F., Xia, Q., Zhou, X., Chai, C. S., & Cheng, M. (2023). Systematic literature review on opportunities, 

challenges, and future research recommendations of artificial intelligence in education. Computers and 

Education: Artificial Intelligence, 4, 100118. https://doi.org/10.1016/j.caeai.2022.100118 

Chiva-Bartoll, O., Moliner, M. L., & Salvador-García, C. (2020). Can service-learning promote social well-being in 

primary education students? A mixed method approach. Children and Youth Services Review, 111, 104841. 

https://doi.org/10.1016/j.childyouth.2020.104841 

Chu, H.-C., Hwang, G.-H., Tu, Y.-F., & Yang, K.-H. (2022). Roles and research trends of artificial intelligence in 

higher education: A systematic review of the top 50 most-cited articles. Australasian Journal of Educational 

Technology. 

Cohen, J. (1988). Set Correlation and Contingency Tables. Applied Psychological Measurement, 12(4), 425–434. 

https://doi.org/10.1177/014662168801200410 

Cotton, D. R. E., Cotton, P. A., & Shipway, J. R. (2024). Chatting and cheating: Ensuring academic integrity in the era 

of ChatGPT. Innovations in Education and Teaching International, 61(2), 228–239. 

https://doi.org/10.1080/14703297.2023.2190148 

Dai, Z., Sun, C., Zhao, L., & Li, Z. (2021). Assessment of Smart Learning Environments in Higher Educational 

Institutions: A Study Using AHP-FCE and GA-BP Methods. IEEE Access, 9, 35487–35500. 

https://doi.org/10.1109/ACCESS.2021.3062680 

Dempere, J., Modugu, K., Hesham, A., & Ramasamy, L. K. (2023). The impact of ChatGPT on higher education. 

Frontiers in Education, 8, 1206936. https://doi.org/10.3389/feduc.2023.1206936 

Dikilitaş, K., Furenes Klippen, M. I., & Keles, S. (2024). A Systematic Rapid Review of Empirical Research on 

Students’ Use of ChatGPT in Higher Education. Nordic Journal of Systematic Reviews in Education, 2. 

https://doi.org/10.23865/njsre.v2.6227 

Dwivedi, Y. K., Rana, N. P., Jeyaraj, A., Clement, M., & Williams, M. D. (2019). Re-examining the Unified Theory 
of Acceptance and Use of Technology (UTAUT): Towards a Revised Theoretical Model. Information Systems 

Frontiers, 21(3), 719–734. https://doi.org/10.1007/s10796-017-9774-y 

Elshaer, I. A., Hasanein, A. M., & Sobaih, A. E. E. (2024). The Moderating Effects of Gender and Study Discipline in 

the Relationship between University Students’ Acceptance and Use of ChatGPT. European Journal of 

Investigation in Health, Psychology and Education, 14(7), 1981–1995. 

https://doi.org/10.3390/ejihpe14070132 

Falk, R. F., & Miller, N. B. (1992). A Primer for Soft Modeling. University of Akron Press. 

Faqih, K. M. S., & Jaradat, M.-I. R. M. (2021). Integrating TTF and UTAUT2 theories to investigate the adoption of 

augmented reality technology in education: Perspective from a developing country. Technology in Society, 

67, 101787. https://doi.org/10.1016/j.techsoc.2021.101787 

Fornell, C., & Larcker, D. F. (1981). Evaluating Structural Equation Models with Unobservable Variables and 

Measurement Error. Journal of Marketing Research, 18(1), 39. https://doi.org/10.2307/3151312 

Foroughi, B., Senali, M. G., Iranmanesh, M., Khanfar, A., Ghobakhloo, M., Annamalai, N., & Naghmeh-Abbaspour, 

B. (2024). Determinants of Intention to Use ChatGPT for Educational Purposes: Findings from PLS-SEM 

and fsQCA. International Journal of Human–Computer Interaction, 40(17), 4501–4520. 

https://doi.org/10.1080/10447318.2023.2226495 

Freeman, J. (2025). Student Generative AI Survey 2025 (No. 2025). 

Fu, S. (2022). A Reinforcement Learning-Based Smart Educational Environment for Higher Education: International 

Journal of E-Collaboration, 19(6), 1–17. https://doi.org/10.4018/IJeC.315019 

Gambo, Y., & Shakir, M. Z. (2019). New Development and Evaluation Model for Self-Regulated Smart Learning 

Environment in Higher Education. 2019 IEEE Global Engineering Education Conference (EDUCON), 990–

994. https://doi.org/10.1109/EDUCON.2019.8725268 

Grassini, S. (2023). Shaping the Future of Education: Exploring the Potential and Consequences of AI and ChatGPT 

in Educational Settings. Education Sciences, 13(7), 692. https://doi.org/10.3390/educsci13070692 

Hair, J. F., Ringle, C. M., & Sarstedt, M. (2013). Partial Least Squares Structural Equation Modeling: Rigorous 

Applications, Better Results and Higher Acceptance. Long Range Planning, 46(1–2), 1–12. 

https://doi.org/10.1016/j.lrp.2013.01.001 

Hasanein, A. M., & Sobaih, A. E. E. (2023). Drivers and Consequences of ChatGPT Use in Higher Education: Key 

Stakeholder Perspectives. European Journal of Investigation in Health, Psychology and Education, 13(11), 

2599–2614. https://doi.org/10.3390/ejihpe13110181 



   MAGDALENA KOWALSKA ET AL. 

 

 

404 

Hirankerd, K., & Kittisunthonphisarn, N. (2020). E-Learning Management System Based on Reality Technology with 

AI. International Journal of Information and Education Technology, 10(4), 259–264. 

https://doi.org/10.18178/ijiet.2020.10.4.1373 

Hooda, A., Gupta, P., Jeyaraj, A., Giannakis, M., & Dwivedi, Y. K. (2022). The effects of trust on behavioral intention 

and use behavior within e-government contexts. International Journal of Information Management, 67, 

102553. https://doi.org/10.1016/j.ijinfomgt.2022.102553 

Huang, F.-H. (2020). Adapting UTAUT2 to assess user acceptance of an e-scooter virtual reality service. Virtual 

Reality, 24(4), 635–643. https://doi.org/10.1007/s10055-019-00424-7 

Huang, W., Hew, K. F., & Fryer, L. K. (2022). Chatbots for language learning—Are they really useful? A systematic 

review of chatbot‐supported language learning. Journal of Computer Assisted Learning, 38(1), 237–257. 

https://doi.org/10.1111/jcal.12610 

Hwang, H.-S., Park, J.-T., Seo, K.-T., Yun, J.-S., Moon, I.-Y., Kwon, O.-Y., & Kim, B.-J. (2015). Content Authoring 

and Cloud System Implementation for Smart Learning. Journal of Computer and Communications, 03(05), 

137–143. https://doi.org/10.4236/jcc.2015.35017 

Isiaku, L., Muhammad, A. S., Kefas, H. I., & Ukaegbu, F. C. (2024). Enhancing technological sustainability in 

academia: Leveraging ChatGPT for teaching, learning and evaluation. Quality Education for All, 1(1), 385–

416. https://doi.org/10.1108/QEA-07-2024-0055 

Kang, M., Liew, B. Y. T., Lim, H., Jang, J., & Lee, S. (2015). Investigating the Determinants of Mobile Learning 

Acceptance in Korea Using UTAUT2. In G. Chen, V. Kumar, Kinshuk, R. Huang, & S. C. Kong (Eds.), 

Emerging Issues in Smart Learning (pp. 209–216). Springer Berlin Heidelberg. https://doi.org/10.1007/978-

3-662-44188-6_29 

Kanwal, A., Hassan, S. K., & Iqbal, I. (2023). AN INVESTIGATION INTO HOW UNIVERSITY-LEVEL 

TEACHERS PERCEIVE CHAT-GPT IMPACT UPON STUDENT LEARNING. Gomal University Journal 

of Research, 39(02), 250–265. https://doi.org/10.51380/gujr-39-03-01 

Kasneci, E., Sessler, K., Küchemann, S., Bannert, M., Dementieva, D., Fischer, F., Gasser, U., Groh, G., Günnemann, 
S., Hüllermeier, E., Krusche, S., Kutyniok, G., Michaeli, T., Nerdel, C., Pfeffer, J., Poquet, O., Sailer, M., 

Schmidt, A., Seidel, T., … Kasneci, G. (2023). ChatGPT for good? On opportunities and challenges of large 

language models for education. Learning and Individual Differences, 103, 102274. 

https://doi.org/10.1016/j.lindif.2023.102274 

Kavitha, K., & Joshith, V. P. (2024a). Factors Shaping the Adoption of AI Tools among Gen Z: An Extended UTAUT2 

Model Investigation Using CB-SEM. Bulletin of Science, Technology & Society, 44(1–2), 12–32. 

https://doi.org/10.1177/02704676241283362 

Kavitha, K., & Joshith, V. P. (2024b). The Transformative Trajectory of Artificial Intelligence in Education: The Two 

Decades of Bibliometric Retrospect. Journal of Educational Technology Systems, 52(3), 376–405. 

https://doi.org/10.1177/00472395241231815 

Kock, N. (2018). Minimum Sample Size Estimation in PLS-SEM: An Application in Tourism and Hospitality 

Research. In F. Ali, S. M. Rasoolimanesh, & C. Cobanoglu (Eds.), Applying Partial Least Squares in Tourism 

and Hospitality Research (pp. 1–16). Emerald Publishing Limited. https://doi.org/10.1108/978-1-78756-699-

620181001 

Kumar, J. A., & Bervell, B. (2019). Google Classroom for mobile learning in higher education: Modelling the initial 

perceptions of students. Education and Information Technologies, 24(2), 1793–1817. 

https://doi.org/10.1007/s10639-018-09858-z 

Li, B., Kong, S. C., & Chen, G. (2015). Development and validation of the smart classroom inventory. Smart Learning 

Environments, 2(1), 3. https://doi.org/10.1186/s40561-015-0012-0 

Li, & Wong, B. T.-M. (2021). Review of smart learning: Patterns and trends in research and practice. Australasian 

Journal of Educational Technology, 37(2), 189–204. https://doi.org/10.14742/ajet.6617 

Lo, C. K. (2023). What Is the Impact of ChatGPT on Education? A Rapid Review of the Literature. Education Sciences, 

13(4), 410. https://doi.org/10.3390/educsci13040410 

Lozano, A., & Blanco Fontao, C. (2023). Is the Education System Prepared for the Irruption of Artificial Intelligence? 

A Study on the Perceptions of Students of Primary Education Degree from a Dual Perspective: Current Pupils 

and Future Teachers. Education Sciences, 13(7), 733. https://doi.org/10.3390/educsci13070733 

Lu, J. (2014). Are personal innovativeness and social influence critical to continue with mobile commerce? Internet 

Research, 24(2), 134–159. https://doi.org/10.1108/IntR-05-2012-0100 

Maruszewska, E. W., Ziemba, E. W., Grabara, D., & Renik, K. (2024). The determinants of ChatGPT usage among 

accounting students: The role of habit, social influence and facilitating conditions. Zeszyty Teoretyczne 

Rachunkowości, 48(3), 215–232. https://doi.org/10.5604/01.3001.0054.7264 



Smart learning with AI: decision factors in generation z’s adoption of chatgpt using the utaut2 framework 

 

 

405 

Mehta, A., Morris, N. P., Swinnerton, B., & Homer, M. (2019). The Influence of Values on E-learning Adoption. 

Computers & Education, 141, 103617. https://doi.org/10.1016/j.compedu.2019.103617 

Menon, D., & Shilpa, K. (2023). “Chatting with ChatGPT”: Analyzing the factors influencing users’ intention to Use 

the Open AI’s ChatGPT using the UTAUT model. Heliyon, 9(11), e20962. 

https://doi.org/10.1016/j.heliyon.2023.e20962 

Mohammed, R. B., Taha, M. S., & Mohammed, S. B. (2022). Smart Learning Environment for Engineering Faculty: 

TIU as a Case Study. Eurasian Journal of Science and Engineering, 8(1). 

https://doi.org/10.23918/eajse.v8i1p187 

Mohd Rahim, N. I., A. Iahad, N., Yusof, A. F., & A. Al-Sharafi, M. (2022). AI-Based Chatbots Adoption Model for 

Higher-Education Institutions: A Hybrid PLS-SEM-Neural Network Modelling Approach. Sustainability 

(Switzerland), 14(19). Scopus. https://doi.org/10.3390/su141912726 

Muangmee, C., Kot, S., Meekaewkunchorn, N., Kassakorn, N., & Khalid, B. (2021). Factors Determining the 

Behavioral Intention of Using Food Delivery Apps during COVID-19 Pandemics. JOURNAL OF 

THEORETICAL AND APPLIED ELECTRONIC COMMERCE RESEARCH, 16(5), 1297–1310. 

https://doi.org/10.3390/jtaer16050073 

Nautiyal, R., Albrecht, J. N., & Nautiyal, A. (2023). ChatGPT and tourism academia. Annals of Tourism Research, 99, 

103544. https://doi.org/10.1016/j.annals.2023.103544 

Nikolov, R., Shoikova, E., Krumova, M. Y., Kovatcheva, E., Dimitrov, V., & Shikalanov, A. (2016). Learning in a 

Smart City Environment. Journal of Communication and Computer, 13(7). https://doi.org/10.17265/1548-

7709/2016.07.003 

Nugroho, L. A., & Wuryani, E. (2023). Exploring Public Perceptions of ChatGPT in Education through Netnography 

and Social Media Analysis. Gagasan Pendidikan Indonesia, 4(2), 66. https://doi.org/10.30870/gpi.v4i2.23164 

Nunnally, J. C., & Bernstein, I. H. (1994). Psychometric theory ((3rd ed.)). McGraw-Hill. 

Okonkwo, C. W., & Ade-Ibijola, A. (2021). Chatbots applications in education: A systematic review. Computers and 

Education: Artificial Intelligence, 2, 100033. https://doi.org/10.1016/j.caeai.2021.100033 
Osei, H. V., Kwateng, K. O., & Boateng, K. A. (2022). Integration of personality trait, motivation and UTAUT 2 to 

understand e-learning adoption in the era of COVID-19 pandemic. Education and Information Technologies, 

27(8), 10705–10730. https://doi.org/10.1007/s10639-022-11047-y 

Peng, H., Ma, S., & Spector, J. M. (2019). Personalized adaptive learning: An emerging pedagogical approach enabled 

by a smart learning environment. Smart Learning Environments, 6(1), 9. https://doi.org/10.1186/s40561-019-

0089-y 

Polyportis, A., & Pahos, N. (2025). Understanding students’ adoption of the ChatGPT chatbot in higher education: 

The role of anthropomorphism, trust, design novelty and institutional policy. Behaviour & Information 

Technology, 44(2), 315–336. https://doi.org/10.1080/0144929X.2024.2317364 

Raman, A., & Thannimalai, R. (2021). Factors Impacting the Behavioural Intention to Use E- learning at Higher 

Education amid the Covid-19 Pandemic: UTAUT2 Model. Psychological Science and Education, 26(3), 82–

93. https://doi.org/10.17759/pse.2021260305 

Ravšelj, D., Keržič, D., Tomaževič, N., Umek, L., Brezovar, N., Iahad, N. A., Abdulla, A. A., Akopyan, A., Segura, 

M. W. A., AlHumaid, J., Allam, M. F., Alló, M., Andoh, R. P. K., Andronic, O., Arthur, Y. D., Aydın, F., 

Badran, A., Balbontín-Alvarado, R., Saad, H. B., … Aristovnik, A. (2025). Higher education students’ 

perceptions of ChatGPT: A global study of early reactions. PLoS ONE, 20(2 February). Scopus. 

https://doi.org/10.1371/journal.pone.0315011 

Raza, S. A., Qazi, Z., Qazi, W., & Ahmed, M. (2022). E-learning in higher education during COVID-19: Evidence 

from blackboard learning system. Journal of Applied Research in Higher Education, 14(4), 1603–1622. 

https://doi.org/10.1108/JARHE-02-2021-0054 

Saiyed, M., Srivastava, N., & Gupta, B. (2022). Entrepreneurship and Ethics – Perspective of Gen Z. 

https://doi.org/10.5281/ZENODO.6140996 

Salloum, S. A., & Shaalan, K. (2019). Factors Affecting Students’ Acceptance of E-Learning System in Higher 

Education Using UTAUT and Structural Equation Modeling Approaches. In A. E. Hassanien, M. F. Tolba, 

K. Shaalan, & A. T. Azar (Eds.), Proceedings of the International Conference on Advanced Intelligent 

Systems and Informatics 2018 (Vol. 845, pp. 469–480). Springer International Publishing. 

https://doi.org/10.1007/978-3-319-99010-1_43 

Seemiller, C., & Grace, M. (2017). Generation Z: Educating and Engaging the Next Generation of Students. About 

Campus: Enriching the Student Learning Experience, 22(3), 21–26. https://doi.org/10.1002/abc.21293 



   MAGDALENA KOWALSKA ET AL. 

 

 

406 

Strzelecki, A. (2024a). Students’ Acceptance of ChatGPT in Higher Education: An Extended Unified Theory of 

Acceptance and Use of Technology. Innovative Higher Education, 49(2), 223–245. 

https://doi.org/10.1007/s10755-023-09686-1 

Strzelecki, A. (2024b). To use or not to use ChatGPT in higher education? A study of students’ acceptance and use of 

technology. Interactive Learning Environments, 32(9), 5142–5155. 

https://doi.org/10.1080/10494820.2023.2209881 

Sullivan, M., Kelly, A., & McLaughlanC, P. (2023). ChatGPT in higher education: Considerations for academic 

integrity and student learning. Journal of Applied Learning & Teaching, 6(1). 

https://doi.org/10.37074/jalt.2023.6.1.17 

Vargas-Murillo, A. R., Pari-Bedoya, I. N. M. D. L. A., & Guevara-Soto, F. D. J. (2023). Challenges and Opportunities 

of AI-Assisted Learning: A Systematic Literature Review on the Impact of ChatGPT Usage in Higher 

Education. International Journal of Learning, Teaching and Educational Research, 22(7), 122–135. 

https://doi.org/10.26803/ijlter.22.7.7 

Venkatesh, Morris, Davis, & Davis. (2003). User Acceptance of Information Technology: Toward a Unified View. 

MIS Quarterly, 27(3), 425. https://doi.org/10.2307/30036540 

Venkatesh, Thong, & Xu. (2012). Consumer Acceptance and Use of Information Technology: Extending the Unified 

Theory of Acceptance and Use of Technology. MIS Quarterly, 36(1), 157. https://doi.org/10.2307/41410412 

Ver Mee, D. (2024). Number of ChatGPT Users and Key Stats (December 2024). 

https://www.namepepper.com/chatgpt-users 

Veras, M., Dyer, J.-O., Rooney, M., Barros Silva, P. G., Rutherford, D., & Kairy, D. (2023). Usability and Efficacy of 

Artificial Intelligence Chatbots (ChatGPT) for Health Sciences Students: Protocol for a Crossover 

Randomized Controlled Trial. JMIR Research Protocols, 12, e51873. https://doi.org/10.2196/51873 

Victor, D. (2024). Factors and Impacts of ChatGPT Adoptionfor Academic Purposes in Higher Learning Institutions: 

Students’ Perspectives. SocArXiv. https://doi.org/10.31235/osf.io/qkhs4 

Wardat, Y., Tashtoush, M. A., AlAli, R., & Jarrah, A. M. (2023). ChatGPT: A revolutionary tool for teaching and 
learning mathematics. Eurasia Journal of Mathematics, Science and Technology Education, 19(7). Scopus. 

https://doi.org/10.29333/ejmste/13272 

Yan, L., Sha, L., Zhao, L., Li, Y., Martinez‐Maldonado, R., Chen, G., Li, X., Jin, Y., & Gašević, D. (2024). Practical 

and ethical challenges of large language models in education: A systematic scoping review. British Journal 

of Educational Technology, 55(1), 90–112. https://doi.org/10.1111/bjet.13370 

Yang, Y.-Y., & Shulruf, B. (2019). An expert-led and artificial intelligence system-assisted tutoring course to improve 

the confidence of Chinese medical interns in suturing and ligature skills: A prospective pilot study. Journal 

of Educational Evaluation for Health Professions, 16, 7. https://doi.org/10.3352/jeehp.2019.16.7 

Yilmaz, H., Maxutov, S., Baitekov, A., & Balta, N. (2023). Student Attitudes towards Chat GPT: A Technology 

Acceptance Model Survey. International Educational Review, 1(1), 57–83. https://doi.org/10.58693/ier.114 

Yin, J., Goh, T.-T., Yang, B., & Xiaobin, Y. (2021). Conversation Technology With Micro-Learning: The Impact of 

Chatbot-Based Learning on Students’ Learning Motivation and Performance. Journal of Educational 

Computing Research, 59(1), 154–177. https://doi.org/10.1177/0735633120952067 

Zacharis, G., & Nikolopoulou, K. (2022). Factors predicting University students’ behavioral intention to use eLearning 

platforms in the post-pandemic normal: An UTAUT2 approach with ‘Learning Value.’ Education and 

Information Technologies, 27(9), 12065–12082. https://doi.org/10.1007/s10639-022-11116-2 

Zhou, L. L., Owusu-Marfo, J., Asante Antwi, H., Antwi, M. O., Kachie, A. D. T., & Ampon-Wireko, S. (2019). 

“Assessment of the social influence and facilitating conditions that support nurses’ adoption of hospital 

electronic information management systems (HEIMS) in Ghana using the unified theory of acceptance and 

use of technology (UTAUT) model”. BMC Medical Informatics and Decision Making, 19(1), 230. 

https://doi.org/10.1186/s12911-019-0956-z 

Zhu, Z.-T., Yu, M.-H., & Riezebos, P. (2016). A research framework of smart education. Smart Learning 

Environments, 3(1), 4. https://doi.org/10.1186/s40561-016-0026-2 

 

 

Powered by TCPDF (www.tcpdf.org)

http://www.tcpdf.org

