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Abstract                                                                     

Background/purpose. The study addresses the lack of clear policies 
and ethical concerns surrounding AI use in Vietnamese universities, 
where debates continue over balancing AI’s benefits with risks of 
academic misconduct. This study seeks to investigate determinants of 
students' use of AI-powered study tools, by applying the Theory of 
Planned Behavior (TPB) and Technology Acceptance Model (TAM), to 
inform better teaching strategies and AI tool development. 

Materials/methods. Using PLS-SEM analysis, we examine the roles of 
perceived behavioral control (PBC), perceived usefulness (PU), 
perceived ease of use (PEOU), computer self-efficacy (CS), attitudes 
toward using AI (ATU), perceived enjoyment (PE), and subjective 
norms (SN) in shaping students’ adoption intentions. The study also 
investigates the mediating role of behavioral intention (BI) in the 
adoption process. 

Results. The analysis of 313 valid responses collected online via Google 
Forms indicates that PBC, CS, and ATU positively influence BI, 
suggesting that Gen Z students are more likely to adopt AI tools when 
they feel confident using them and perceive them as beneficial. PU 
and PEOU positively impact ATU, reinforcing the adoption process, 
while PE and SN do not significantly affect BI. 

Conclusion. Findings suggest that Vietnamese Gen Z students 
prioritize functional benefits, such as academic performance and 
efficiency, over entertainment value. These insights emphasize the 
need for AI tools that align with students' learning needs, offering 
valuable implications for educators and developers in Vietnam’s 
evolving educational landscape. 
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1. Introduction   

Industry 4.0, characterized by the integration of artificial intelligence (AI), the Internet of Things 
(IoT), big data, and cyber-physical systems, has introduced cutting-edge solutions to improve 
efficiency, optimize processes, and revolutionize traditional workflows (Pivoto et al., 2021). Among 
these technologies, AI has become a game-changer not only in sectors such as manufacturing, 
healthcare, and finance but also increasingly in education. The educational landscape is undergoing 
a significant shift as AI-powered tools reshape teaching and learning experiences, promising 
personalized learning, increased engagement, and improved outcomes (Steinbauer et al., 2021; Yang, 
2019).  

Within educational research, frameworks like the Technology Acceptance Model (TAM) and the 
Theory of Planned Behavior (TPB) are frequently employed to examine how new technologies are 
adopted. These models identify key factors such as perceived usefulness, attitudes, and behavioral 
control that influence technology acceptance among learners and educators (Maheshwari, 2021; 
Scherer et al., 2019). However, despite the growing interest, few studies have combined TAM and 
TPB to comprehensively explore how students in higher education adopt AI-based learning tools, 
especially within emerging markets such as Vietnam. 

Vietnam’s educational system is at a crossroads regarding AI integration. While AI presents 
opportunities to enhance learning and research, many universities have yet to establish clear policies 
on its appropriate use in academic settings (A. Nguyen et al., 2023; Uoc, 2023). Furthermore, 
concerns about the overreliance on AI tools, which are sometimes perceived as a form of academic 
misconduct, highlight the ethical dilemmas surrounding AI in education (Chao et al., 2021; H. M. 
Nguyen & Goto, 2024). These challenges underscore the need for deeper insight into students’ 
intentions and real-world usage of AI technologies within their academic environments. 

Although AI-powered educational tools are increasingly available, prior research has not 
sufficiently addressed the complex interaction between social influence, individual competencies, 
and hedonic motivations affecting AI adoption among Vietnamese students (Nguyen et al., 2023; Van 
Le et al., 2021). This study aims to fill this gap by integrating TAM and TPB frameworks to examine 
the technological and behavioral determinants of AI adoption in higher education. Focusing on 
university and college students in Hanoi, where AI adoption is emerging, this research seeks to (1) 
identify key factors influencing AI adoption based on TPB and TAM, (2) explore behavioral intention 
as a mediator between perceived behavioral control, perceived enjoyment, computer self-efficacy, 
attitudes toward AI use, and actual AI adoption, and (3) offer recommendations to guide effective 
teaching and learning strategies. The findings contribute both theoretical insights and practical 
implications for educators and AI developers, supporting the ethical and effective integration of AI in 
higher education. Therefore, this research aims to answer the following questions: Which key factors 
affect students’ intentions to use AI-driven tools? How do psychological and behavioral factors shape 
actual AI use? What implications can support ethical and effective AI adoption in educational 
settings?  

2. Literature Review  

2.1. Theory of Planned Behavior (TPB)

The TPB, building on the Theory of Reasoned Action (TRA), is widely used to predict BI (Ustadi & 
Mat, 2023). Unlike the TRA, the TPB incorporates PBC, which accounts for factors that may enable or 
constrain an individual's ability to carry out a behavior. This model identifies three key predictors of 
intention: behavioral attitudes, subjective norms (SN), and PBC. These factors influence intentions, 
which, in turn, predict actual behavior when individuals have control over the action (Hsu & Huang, 
2010; Kiriakidis, 2015; Shalender & Sharma, 2021). 
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Given its broad application in education, the TPB has been used to examine both learner and 
teacher behaviors, shedding light on how attitudes, social pressures, and confidence shape various 
educational actions (Maheshwari, 2021; Urton et al., 2023). This research applies the TPB to explore 
the intentions of university students in Vietnam regarding the adoption of AI-based learning tools. 

2.2. Technology Acceptance Model (TAM)

The TAM, developed by Fred D. Davis (Davis, 1989) and later expanded by Bagozzi (Bagozzi et al., 
1992), serves as a fundamental theory for explaining the factors that influence individuals’ adoption 
of new technologies (Martín-García et al., 2022; Mugo et al., 2017). It builds on the TRA but 
emphasizes two specific factors: perceived usefulness (PU) and perceived ease of use (PEOU). These 
factors play a vital role in influencing users’ attitudes toward technology and their intentions to use 
it. TAM has been widely applied and validated in diverse fields, including banking (Ahmad, 2018), 
consumer behavior (Jokar et al., 2017; Tam et al., 2018), tourism (Alkhatib & Bayouq, 2021; X. Chen 
& Li, 2020), and healthcare (Chong & Chan, 2012; Kang & Hwang, 2022). These studies confirm the 
model's robustness and consistency in examining how technology is adopted.  

Within the educational field, TAM has been extensively applied to explore the adoption of digital 
tools by both students and teachers to improve teaching and learning processes (Al-Adwan et al., 
2023; Eraslan Yalcin & Kutlu, 2019; Weng et al., 2018). The research adapts TAM to examine how 
Vietnamese students adopt AI-based study tools, emphasizing how PU and PEOU affect their 
attitudes and intentions to use these tools. While TAM is a relatively straightforward model, it can be 
expanded or modified in various ways. Consequently, numerous studies have integrated TAM with 
other theories, enriching the literature on technology adoption (Bryan & Zuva, 2021; Gangwar et al., 
2015; Ha & Nguyen, 2019).  

2.3. Hypotheses and Proposed Model

Building on the above analysis, the integration of TPB and TAM constructs in this study provides 
a comprehensive framework to examine students’ AI adoption, addressing both social and 
technological factors influencing their intentions. While TAM focuses on PU and PEOU (Bagozzi et al., 
1992), TPB incorporates the influence of SN, ATU, and PBC (Ajzen, 1991). When integrated, TPB 
complements TAM by addressing its limitations, particularly in accounting for social and behavioral 
dimensions (Hameed & Counsell, 2014; Troise et al., 2021; Wang et al., 2022). This combined 
approach is especially effective for exploring complex behaviors like students' adoption of AI-
powered study tools, providing valuable insights for advancing both research and practice in 
educational technology. Accordingly, this study investigates the following hypotheses: 

The Effect of Perceived Behavioral Control (PBC) on Behavioral Intention  

PBC reflects an individual's evaluation of how easy or challenging it would be to carry out a 
particular behavior, as well as their perceived ability to achieve the desired outcomes associated with 
that behavior. Factors such as personal limitations or external barriers can influence both the actual 
capability to act and the perception of control over it (Kiriakidis, 2015; Troise et al., 2021). The TPB 
suggests that this construct is particularly relevant in scenarios where individuals may face limitations 
that restrict their ability to act freely (Ajzen, 1991). 

In the educational context, PBC reflects students’ beliefs in their ability to effectively utilize AI-
based learning tools for learning and overcome challenges they may face, such as limited technical 
expertise or restricted access to necessary technology. When students perceive they have sufficient 
control over using these tools, whether through training, resources, or support, they are more 
inclined to form intentions to embrace them (Kucuk et al., 2020; Wang et al., 2022). According to the 
TPB, higher perceived control is directly associated with stronger behavioral intentions. Based on 
these insights, the following hypothesis is proposed: 
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H1: PBC has a positive impact on students’ intentions to utilize AI-powered tools. 

The Effect of Subjective Norms (SN) on Behavioral Intention 

SN refers to a person’s understanding of whether important people, such as parents, peers, or 
instructors, believe they should engage in a specific behavior. This influence depends on normative 
beliefs and their willingness to align with others' expectations (Ham et al., 2015; Ustadi & Mat, 2023). 

In educational settings, SN significantly shapes students' behavioral intentions, particularly when 
peers or instructors express positive attitudes toward technology. Students tend to be more inclined 
to use tools that are seen as important or endorsed by those in their social environment, especially 
in collaborative or classroom contexts (Hussein, 2018; Wang et al., 2022). In this study, subjective 
norms reflect the degree to which students feel social pressure from important individuals to use AI-
powered tools. Based on this understanding, the following hypothesis is proposed: 

H2: Subjective norms have a positive impact on students’ intentions to utilize AI-powered tools. 

The Effect of Perceived Enjoyment (PE) on Behavioral Intention 

Intrinsic motivation forms the basis of the concept of PE, as defined by Hussein (Hussein, 2018). 
It aligns with the idea of hedonic motivation introduced by Kim and Hall (2019), referring to the 
degree of fun and pleasure experienced while using a specific technology (Y.-W. Chang et al., 2023). 
Kim and Hall further elaborate that PE describes the enjoyment derived from using a system for the 
sake of the activities themselves, rather than for any functional or performance-based results (Kim & 
Hall, 2019). Their research, along with others, underscores the important role that PE plays in shaping 
individuals' intentions to interact with technological tools. 

In educational settings, perceived enjoyment (PE) connects students' sense of fun with the 
perceived effectiveness of their digital learning experiences (Su & Chiu, 2021). Research has shown 
that enjoyment positively influences students’ attitudes toward learning platforms, increasing their 
likelihood of adopting these systems (Hussein, 2018; Khalid, 2014; Roslan et al., 2021). This is 
consistent with the idea that engaging and enjoyable interactions with technology can motivate 
students to incorporate it into their learning processes. Therefore, we propose the following 
hypothesis:  

H3: Perceived enjoyment has a positive impact on students’ intentions to utilize AI-powered tools. 

The Effect of Computer Self-Efficacy (CS) on Behavioral Intention 

Self-efficacy describes a person’s confidence in their capability to organize and carry out tasks 
effectively (Bandura, 1986). CS, in general, has been found to impact how individuals behave and 
their likelihood to engage with technology, as people with higher self-efficacy tend to view 
technology as accessible and manageable (Simsek, 2011). 

In educational contexts, CS reflects students’ confidence or self-belief in their ability to 
understand, operate, and effectively utilize technological tools. Those with stronger self-efficacy are 
more inclined to view AI-powered tools as manageable and beneficial, resulting in a greater likelihood 
of adoption. Conversely, students who have low self-confidence in their abilities may doubt their 
capabilities, resulting in negative attitudes toward using such tools (Nurhikmah et al., 2021; Saadé & 
Kira, 2009). Studies have shown that self-efficacy significantly influences attitudes and intentions 
toward adopting technologies like Learning Management Systems and e-learning platforms (Arpacı, 
2017; Hayashi et al., 2004). Accordingly, students who possess high self-efficacy are more inclined to 
confidently embrace AI-powered tools. In light of this, the following hypothesis is suggested:  

H4: Computer self-efficacy has a positive impact on students’ intentions to utilize AI-powered 
tools. 
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Attitudes Toward Using AI-powered tools (ATU) and Its Impact on Behavioral Intention 

Attitudes are shaped by the beliefs necessary to engage in a behavior  (Ajzen, 1991). They are 
defined as an individual's positive or negative feelings associated with performing a specific behavior. 
An individual will hold a favorable attitude toward a behavior if they believe that performing it will 
lead to mostly positive outcomes (Ha & Nguyen, 2019; Shah Alam & Mohamed Sayuti, 2011; Ustadi 
& Mat, 2023). Past studies have identified a significant direct relationship between attitudes and 
intentions toward a behavior, particularly in contexts such as green product usage (Teng et al., 2015; 
Zaremohzzabieh et al., 2021), internet banking (Bashir & Madhavaiah, 2015; Y.-C. Chang et al., 2020), 
and electronic commerce (Fauzi et al., 2021; Hernández García et al., 2011). Based on this, we 
propose the following hypothesis:  

H5: Students' attitudes have a positive impact on their intentions to use AI-powered tools. 

Perceived Usefulness (PU) and Its Impact on Attitude 

PU is widely acknowledged as a key determinant influencing users' attitudes and intentions to 
adopt technology. It reflects the belief that a particular system or tool can improve one’s 
performance (Davis, 1989; Davis, 1993). Users tend to engage with systems and technologies they 
consider advantageous for their productivity, task efficiency, and overall job performance (Elkaseh et 
al., 2015; Kucukusta et al., 2015; Saparudin et al., 2020). Conversely, if users believe a system may 
negatively affect their performance, they are less inclined to use it (Yuen et al., 2021). The dimensions 
of PU, including its ability to simplify tasks, boost productivity, and improve job effectiveness, have 
shown significant influence across various domains, such as banking (Prayudi et al., 2022; Tan & Teo, 
2000), healthcare  (Jokar et al., 2017; Kang & Hwang, 2022), tourism (Bimaruci et al., 2020; Teng et 
al., 2024), and consumption (Ha & Nguyen, 2019; Tam et al., 2018; Troise et al., 2021). In educational 
contexts, PU directly impacts learners’ attitudes toward and satisfaction with technology-based tools 
(Al-Adwan et al., 2023; Buabeng-Andoh, 2018; Keržič et al., 2019; Scherer et al., 2019). In light of this, 
the following hypothesis is formulated:  

H6: Perceived usefulness has a positive impact on students’ attitudes toward using AI-powered 
tools. 

Perceived Ease of Use (PEOU) and Its Impact on Attitude 

PEOU refers to the extent to which individuals believe that utilizing a specific system will require 
minimal effort (Saparudin et al., 2020). Within the TAM, PEOU plays a crucial role in shaping users' 
attitudes and intentions toward adopting technology. When users view a system as user-friendly and 
straightforward, they have a greater tendency to develop positive attitudes, which enhance their 
intention and may even encourage them to integrate it into their daily routines (Naeem et al., 2023). 
In this study, PEOU represents students' belief that AI-powered tools for learning are straightforward 
and user-friendly. Such tools simplify exploration and usage, increasing satisfaction and fostering 
positive attitudes. Therefore, the following hypothesis is formulated: 

H7: Perceived ease of use has a positive impact on students' attitudes toward using AI-powered 
tools. 

The Effect of Behavioral Intention and Actual Behavior in Using AI Tools 

Both the TPB and the TAM propose that an individual's actions are driven by their intention to 
perform a behavior, which is influenced by their personal attitude toward it and the social norms or 
pressures they perceive around them. Intention is viewed as the most reliable indicator of behavior, 
as it reflects a person’s readiness to act and is considered the direct precursor to the behavior itself 
(Ajzen, 1991). Several recent studies have repeatedly highlighted a significant link between intention 
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and behavior, especially in the context of education (Maheshwari, 2021; Wang et al., 2022). In light 
of this, the following hypothesis is suggested: 

H8: Students’ intentions have a positive impact on their actual behavior of using AI-powered tools. 

Drawing from the review of prior studies and the theoretical foundations, we propose a research 
model as shown in Figure 1. 

 

Figure 1. The Proposed Research Model 

3. Methodology  

3.1. Sample and Data Collection

A quantitative correlational design was adopted to examine relationships between behavioral 
and technological variables influencing students’ intention to adopt AI tools. Convenience sampling 
was used due to accessibility to university students, consistent with prior studies (Van Le et al., 2021). 

The minimum required sample size (175) was determined via G*Power analysis (f² = 0.15, power 
= 0.95, α = 0.05, 5 predictors). Additionally, following Bollen’s rule for convenience sampling (Bollen, 
1989), 225 responses were suggested based on 35 observed variables. The final dataset included 313 
valid responses, exceeding both thresholds. 

Data collection was conducted through an online survey using Google Forms between October 
and December 2024, distributed through Facebook, Zalo, and Microsoft Teams. Inclusion criteria 
included current university/college enrollment in Hanoi and prior use or awareness of AI-powered 
learning tools. Those unaware of such tools were excluded. Each participant completed only one 
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submission and was informed of the study’s purpose and their right to withdraw. The collected data 
was analyzed using Microsoft Excel 2024 and SmartPLS 4.0.9.8, with the main demographic 
information presented in Table 1. 

Table 1. Demographic Characteristics of Participants 

Characteristics Number (n) Percentage (%) 

Total 313 100 

Gender   

Male 252 80.5 

Female 57 18.2 

Other 4 1.3 

Study Year   

Year 1 83 26.5 

Year 2 122 39.0 

Year 3 82 26.2 

Year 4 19 6.1 

Year 5 5 1.6 

Other 2 0.6 

Study Program   

Standard 288 92.0 

High quality 18 5.8 

Part-time 2 0.6 

Other 5 1.6 

Major   

Economics 9 2.9 

Foreign languages 2 0.6 

Engineering 277 88.5 

Education 1 0.3 

Arts 2 0.6 

Other 22 7.0 
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3.2. Research Measurement

A structured questionnaire was used as the main instrument for gathering data. All constructs 
included in the model were based on prior research. The exact wording of the items can be found in 
Table A1 in the Appendix.  

Specifically, PU variable was assessed with 4 items referenced from Davis (1989) and Fathema et 
al. (2015) (Davis, 1989; Fathema et al., 2015). These items were designed to assess students’ 
perceived usefulness of using AI tools in learning so that an example item states, "I find that using AI-
powered tools significantly improves my academic performance."  

PEOU was measured by 4 items referenced from Davis (1989) and Salloum (2019) (Davis, 1989; 
Salloum et al., 2019), to assess students’ perceived ease of use of AI in studying. One PEOU example 
item is “I find AI-powered tools clear and easy to understand.”  

PBC was measured by 5 items, derived from Taylor & Todd (1995) (Taylor & Todd, 1995), to 
assess students' perceived behavioral control for using AI tools. One example item of PBC states, "I 
believe I can successfully utilize any AI-powered tools."  

PE was measured by 3 items, referenced by Salloum et al. (2019) (Salloum et al., 2019), to assess 
students' enjoyment while using AI tools in learning, with one example stating, "I find using AI-
powered tools interesting".  

ATU was measured by 5 items, referenced by Fathema et al. (2015) (Fathema et al., 2015), to 
assess students’ attitudes toward using AI, with one example being “I have a positive view of using AI 
tools.”  

SN was evaluated by 5 items, adapted from Salloum et al. (2019) (Salloum et al., 2019), to assess 
the social influences affecting students’ use of AI tools in learning. A sample item says, "Most people 
who are important to me think that I should use AI-powered tools."  

CS was measured by 3 items, referenced from Fathema et al. (2015) (Fathema et al., 2015), to 
assess students’ computer self-efficacy, with one example “I am confident in my self-learning ability 
when using AI-powered tools.”  

BI was assessed by 3 items, referenced by Fathema et al. (2015) and Salloum et al. (2019) 
(Fathema et al., 2015; Salloum et al., 2019), to capture students’ intentions to utilize AI tools in their 
learning process. One example of BI items states, "I intend to use AI-powered tools in the long term."  

AB was measured by 3 items, referenced by Göncz & Tian (2020) (Göncz & Tian, 2020), to 
illustrate students’ actual behavior in adopting AI tools in learning, with one example “I have 
experience using AI-powered tools in my studies and work.”  

As a result, a total of 35 survey questions were designed and implemented for this study. 
Participants rated each item using a five-point Likert scale, with responses ranging from “strongly 
disagree” (1) to “strongly agree” (5). To maintain the accuracy of meaning, the items were translated 
from English into Vietnamese and then back-translated to verify consistency with the original 
content. The questionnaire’s validity was ensured through expert back-translation. A pilot test 
confirmed clarity. 

3.3. Data Analysis

We used a structural equation modeling (SEM) approach, specifically the partial least squares 
method (PLS-SEM), to test the proposed hypotheses. Compared to covariance-based structural 
equation modeling (CB-SEM), PLS-SEM presents specific benefits, including its independence from 
assumptions related to data normality and large sample sizes (Hair et al., 2019). PLS-SEM is a widely 
used method in social sciences, recognized as an appropriate technique for multivariate analysis (Hair 
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et al., 2019; Peng & Lai, 2012). This approach is suitable for use with both small and large datasets 
and does not depend on the assumption of normally distributed data (Hair et al., 2019; Ringle et al., 
2020). The process involves two main stages: first, assessing the outer measurement model, followed 
by evaluating the inner structural model (Henseler et al., 2009). Given that the survey data likely did 
not conform to the normal distribution assumption, PLS-SEM was considered the most suitable 
method. 

The measurement model was employed to evaluate the quality of the observed indicators, as 
well as the reliability, convergent validity, and discriminant validity of the measurement scales. The 
reliability of a single observed variable refers to how much variance in the observed indicator can be 
explained by the underlying latent construct, which is assessed through the standardized outer 
loadings (Götz et al., 2009). According to Hair et al., 2019, observed indicators with outer loadings of 
0.7 or higher are generally considered highly acceptable, whereas those with loadings below 0.7 are 
recommended for removal (Chin, 1998).   

Reliability was evaluated using both Cronbach's Alpha and Composite Reliability (CR), with values 
above 0.7 considered acceptable benchmarks (Hair et al., 2019; Henseler & Sarstedt, 2013). 
Convergent validity was determined based on the requirement that factor loadings exceed 0.5 (Ringle 
et al., 2020). Discriminant validity was evaluated by contrasting the square roots of the average 
variance extracted (AVE) with the correlation coefficients within the model, as well as examining the 
Heterotrait-Monotrait ratio of correlations (HTMT) values. Based on Fornell and Larcker (1981), 
discriminant validity is established when the square root of the AVE values is greater than the 
corresponding correlation coefficients (Fornell & Larcker, 1981). Additionally, HTMT values should be 
below 0.9 to confirm discriminant validity (Henseler et al., 2015).  

The structural model relationships were measured using PLS-SEM with a bootstrapping approach 
(5,000 resamples) to determine the significance of the correlations (Henseler et al., 2009). The 
assessment process involved testing for multicollinearity (using VIF), evaluating the coefficient of 
determination (R²), and conducting hypothesis testing (Hair Jr et al., 2021). 

4. Results 

4.1. Measurement Model

First, the outer loadings of the observed variables were assessed. An observed variable with an 
outer loading below 0.7 may not meaningfully represent its associated factor and should be 
considered for removal. After removing indicators with outer loadings below 0.7, the remaining 
indicators all exhibited outer loadings above 0.7, confirming their significance in the model (Table 2). 

Table 2. Outer Loadings (Second Iteration) 

 AB ATU BI CS PBC PE PEOU PU SN 

AB1 0.876                 

AB2 0.905                 

AB3 0.829                 

ATU1   0.841               

ATU2   0.855               

ATU3   0.885               

ATU4   0.864               
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 AB ATU BI CS PBC PE PEOU PU SN 

ATU5   0.861               

BI1     0.914             

BI2     0.922             

BI3     0.897             

CS1       0.856           

CS2       0.886           

CS3       0.806           

PBC1         0.857         

PBC2         0.827         

PBC3         0.868         

PE1           0.872       

PE2           0.855       

PE3           0.883       

PEOU1             0.871     

PEOU2             0.871     

PEOU4             0.819     

PU1               0.839   

PU2               0.825   

PU3               0.878   

PU4               0.885   

SN1                 0.714 

SN2                 0.784 

SN3                 0.787 

SN4                 0.707 

SN5                 0.739 

Table 3 shows that Cronbach’s alpha values range from 0.804 to 0.913, and CR values range from 
0.812 to 0.936, indicating good reliability as they exceed the 0.7 threshold. The AVE values range 
from 0.558 to 0.830, exceeding the suggested minimum of 0.5, thereby confirming convergent 
validity.   
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Table 3. Construct Reliability, Convergent Validity (Second Iteration) 

 Cronbach's alpha 
Composite reliability 

(rho_a) 
Composite reliability 

(rho_c) 
Average variance 
extracted (AVE) 

AB 0.842 0.868 0.904 0.758 

ATU 0.913 0.915 0.935 0.741 

BI 0.898 0.899 0.936 0.830 

CS 0.808 0.814 0.886 0.723 

PBC 0.811 0.819 0.887 0.724 

PE 0.842 0.859 0.904 0.757 

PEOU 0.814 0.814 0.890 0.729 

PU 0.880 0.883 0.917 0.735 

SN 0.804 0.812 0.863 0.558 

Furthermore, the discriminant validity of the constructs was examined based on the Fornell-
Larcker criterion and the assessment of the HTMT correlations. Table 4 indicates that the square root 
of AVE for the SN variable is 0.747, which is lower than its correlations with ATU, BI, and CS. Therefore, 
the discriminant validity of SN is violated. 

Table 4. Fornell- Lacker Criterion (Second Iteration) 

 AB ATU BI CS PBC PE PEOU PU SN 

AB 0.871                 

ATU 0.693 0.861               

BI 0.737 0.773 0.911             

CS 0.670 0.757 0.711 0.850           

PBC 0.606 0.725 0.687 0.682 0.851         

PE 0.556 0.757 0.618 0.672 0.688 0.870       

PEOU 0.542 0.693 0.641 0.632 0.732 0.690 0.854     

PU 0.632 0.717 0.714 0.643 0.706 0.662 0.687 0.857   

SN 0.688 0.788 0.759 0.766 0.647 0.647 0.622 0.651 0.747 

The study went further to assess the HTMT in light of the limitations of the AVE technique. Table 
5 shows that the HTMT criterion for SN with ATU and CS significantly exceeds the 0.9 threshold, 
violating discriminant validity. Removing highly correlated SN indicators and samples did not improve 
the results, leading to SN's elimination in the third model iteration. 
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Table 5. HTMT (Second Iteration) 

 AB ATU BI CS PBC PE PEOU PU SN 

AB                  

ATU 0.776                 

BI 0.827 0.849               

CS 0.805 0.876 0.832             

PBC 0.723 0.833 0.798 0.837           

PE 0.645 0.854 0.699 0.805 0.818         

PEOU 0.640 0.801 0.748 0.778 0.895 0.823       

PU 0.725 0.795 0.800 0.756 0.825 0.755 0.810     

SN 0.832 0.914 0.876 0.950 0.792 0.781 0.758 0.764   

Table 6 demonstrates that all observed variables have outer loadings above 0.7, validating their 
significance within the model. 

Table 6. Outer Loadings (Third Iteration) 

 AB ATU BI CS PBC PE PEOU PU 

AB1 0.876               

AB2 0.905               

AB3 0.829               

ATU1   0.841             

ATU2   0.855             

ATU3   0.885             

ATU4   0.864             

ATU5   0.861             

BI1     0.914           

BI2     0.922           

BI3     0.897           

CS1       0.856         

CS2       0.886         

CS3       0.806         

PBC1         0.857       
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 AB ATU BI CS PBC PE PEOU PU 

PBC2         0.827       

PBC3         0.868       

PE1           0.872     

PE2           0.855     

PE3           0.883     

PEOU1             0.871   

PEOU2             0.871   

PEOU4             0.819   

PU1               0.839 

PU2               0.825 

PU3               0.878 

PU4               0.885 

The results in Table 7 reveals that both Cronbach’s Alpha and Composite Reliability (CR) for all 
measurement scales are above 0.7, indicating strong reliability. Moreover, the Average Variance 
Extracted (AVE) values exceed 0.5 across all scales, supporting convergent validity. 

Table 7. Construct Reliability, Convergent Validity (Third Iteration) 

 Cronbach's alpha 
Composite 

reliability (rho_a) 
Composite 

reliability (rho_c) 
Average variance 
extracted (AVE) 

AB 0.842 0.868 0.904 0.758 

ATU 0.913 0.915 0.935 0.741 

BI 0.898 0.899 0.936 0.830 

CS 0.808 0.814 0.886 0.723 

PBC 0.811 0.819 0.887 0.724 

PE 0.842 0.859 0.904 0.757 

PEOU 0.814 0.814 0.890 0.729 

PU 0.880 0.883 0.917 0.735 

Table 8 shows that the square root of the AVE surpasses the correlations among the latent 
variables, confirming discriminant validity. Additionally, Table 9 further supports this validity, as all 
HTMT values are below 0.9. 
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Table 8. Fornell- Lacker Criterion (Third Iteration) 

 AB ATU BI CS PBC PE PEOU PU 

AB 0.871               

ATU 0.693 0.861             

BI 0.737 0.773 0.911           

CS 0.670 0.757 0.711 0.850         

PBC 0.606 0.725 0.687 0.682 0.851       

PE 0.556 0.757 0.618 0.672 0.688 0.870     

PEOU 0.542 0.693 0.641 0.632 0.732 0.690 0.854   

PU 0.632 0.717 0.714 0.643 0.706 0.662 0.687 0.857 

Table 9. HTMT (Third Iteration) 

 AB ATU BI CS PBC PE PEOU PU 

AB         

ATU 0.776              

BI 0.827 0.849            

CS 0.805 0.876 0.832          

PBC 0.723 0.833 0.798 0.837        

PE 0.645 0.854 0.699 0.805 0.818      

PEOU 0.640 0.801 0.748 0.778 0.895 0.823    

PU 0.725 0.795 0.800 0.756 0.825 0.755 0.810  

4.2. Structural Model and Hypothesis Test

Path analysis was conducted using structural equation modeling with the PLS-SEM estimation 
method to examine the primary research hypotheses. To enhance the stability of the results, a 
bootstrapping procedure was implemented with 5,000 subsamples. The estimation results are 
presented in Table 10. Except for the PE → BI relationship, which is not significant as its p-value 
exceeds 0.05, all other relationships are significant with p-values below 0.05. This non-significant 
result may suggest that perceived enjoyment has a less important impact on behavioral intention in 
this academic context, where factors like usefulness or ease of use may have a stronger influence. 
Consequently, hypothesis H2 is rejected, while hypotheses H1, H3, H4, H5, H6, and H7 are supported. 
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Table 10. Path Coefficient Results and T-Value Analysis (Hypothesis Testing) 

Hypothesis Path 
Original 
sample 

(O) 

Sample 
mean 
(M) 

Standard 
deviation 
(STDEV) 

T statistics 
(|O/STDEV|) 

p-
value 

Hypothesis 
support or 

reject 

H1 PBC -> BI 0.214 0.214 0.064 3.359 0.001 Supported 

H3 PE -> BI -0.048 -0.047 0.065 0.743 0.457 Rejected 

H4 CS -> BI 0.237 0.235 0.074 3.200 0.001 Supported 

H5 ATU -> BI 0.475 0.476 0.072 6.606 0.000 Supported 

H6 PU -> ATU 0.456 0.457 0.064 7.084 0.000 Supported 

H7 PEOU -> ATU 0.379 0.380 0.054 7.022 0.000 Supported 

H8 BI -> AB 0.737 0.737 0.028 25.954 0.000 Supported 

Figure 2 presents the structural model, displaying the path coefficients and corresponding p-
values for each construct. 

 

Figure 2. Structural Model Showing Path Coefficient and P-Values 

Note: PBC: perceived behavioral control; PE: Perceived enjoyment; CS: Computer self-efficacy; PU: Perceived 
usefulness; PEOU: Perceived ease of use; ATU: Attitudes toward using AI tools; BI: Behvioral intention; AB: 
Actual behavior. 

The indirect effect of PE →BI → AB is not significant, as the p-value is 0.457, which exceeds 0.05. 
In contrast, all other indirect effects are significant, with p-values below 0.05 threshold. Notably, the 
effect of ATU on actual behavior through behavioral intention (γ = 0.350) was the strongest (Table 
11). In other words, hypotheses H9, H10, and H12 were supported. In summary, the mediation results 
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confirm that the strongest indirect effect was from Attitude Toward Use (ATU) to Actual Behavior 
(AB) via Behavioral Intention (BI), underscoring the central role of intention in linking attitude to 
actual behavior. 

Table 11. Mediating Role of Behavioral Intention 

Hypothesis Path Original 
sample 

(O) 

Sample 
mean (M) 

Standard 
deviation 
(STDEV) 

T statistics 
(|O/STDEV|) 

p-value Hypothesis 
support or 

reject 

H9 CS -> BI -> AB 0.175 0.174 0.055 3.163 0.002 Supported 

H10 PBC -> BI -> AB 0.158 0.158 0.048 3.311 0.001 Supported 

H11 PE -> BI -> AB -0.036 -0.034 0.048 0.744 0.457 Rejected 

H12 ATU -> BI -> AB 0.350 0.351 0.055 6.399 0.000 Supported 

The findings in Table 12 show that all inner VIF values are below the recommended threshold of 
5, suggesting that multicollinearity is not an issue within the model. The adjusted R² values indicate 
that BI explains 54.1% of the variance in AB, while the predictors account for 58.7% of the variance 
in ATU and 64.9% in BI. These findings indicate that the model exhibits strong explanatory capability. 
The Q² values for all endogenous constructs are above zero, indicating satisfactory predictive 
relevance and confirming that the model possesses adequate predictive accuracy (Hair et al., 2019). 
Specifically, the Q² value for BI exceeds 0.5, indicating high predictive relevance, while the Q² values 
for ATU and AB fall between 0.25 and 0.5, indicating a moderate level of predictive relevance. 
Regarding  effect size (f²), the values can be interpreted according to (Cohen, 1988) as follows: BI has 
a strong effect on AB; PEOU and PU have moderate effects on ATU; ATU has a moderate effect on BI, 
while CS and PBC have small effects, and PE has no significant effect. These findings collectively 
support the robustness, explanatory strength, and predictive validity. 

Table 12. R-Square, Cohen's f Square, Q Square and VIF values 

Variable R2 f2 Q2 VIF 

AB 0.541 - 0.398 - 

ATU 0.587 -> BI: 0.188 0.428 -> BI: 3.454 

BI 0.649 -> AB: 1.188 0.533 -> AB: 1.000 

CS - -> BI: 0.062 0.000 -> BI: 2.634 

PBC - -> BI: 0.053 0.000 -> BI: 2.477 

PE - -> BI: 0.003 0.000 -> BI: 2.648 

PEOU - -> ATU: 0.185 0.000 -> ATU: 1.895 

PU - -> ATU: 0.268 0.000 -> 1.895 

Standardized Root Mean Square Residual (SRMR) assesses the difference between the observed 
and predicted correlation matrices in a model. As noted by Henseler et al., 2015, an SRMR value 
below 0.10 is considered acceptable for model fit in PLS-SEM. Table 13 reveals that the SRMR value 
meets the recommended threshold, suggesting that the model achieves an acceptable fit with the 
observed data. 
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Table 13. The result of SRMR Test 

 
Saturated model Estimated model 

SRMR 0.061 0.094 

d_ULS 1.400 3.337 

d_G 0.728 0.843 

Chi-square 1332.690 1412.218 

NFI 0.805 0.794 

5. Discussion 

The findings offer meaningful insights into the determinants affecting students' intentions and 
actual usage of AI-powered devices for studying. As expected, perceived behavioral control (PBC), 
computer self-efficacy (CS), and attitude (ATU) positively influenced behavioral intention (BI), 
suggesting that students tend to use AI tools more readily if they feel confident in using them and 
perceive them as beneficial. Most of the hypothesized relationships were confirmed, except for the 
link between perceived enjoyment (PE) and BI, which was not significant (p = 0.457), resulting in the 
rejection of hypothesis H3. In contrast, PBC (H1), CS (H4), and attitude toward AI-powered devices 
(H5) all had considerable positive associations with BI.  

Additionally, perceived usefulness (PU) (H6) and perceived ease of use (PEOU) (H7) positively 
influenced attitude, further reinforcing the adoption process. Moreover, the strong influence of 
behavioral intention (BI) on  actual behavior (AB) (β = 0.737, p < 0.001) aligns with prior studies using 
the Theory of Planned Behavior (TPB) (Ajzen, 1991) and the Technology Acceptance Model (TAM) 
(Bagozzi et al., 1992), which highlight intention as a primary determinant of behavior (Maheshwari, 
2021; Wang et al., 2022). Similarly, the positive effects of perceived usefulness (PU) and perceived 
ease of use (PEOU) on attitude (ATU) replicate earlier findings in the educational context (Naeem et 
al., 2023; Scherer et al., 2019; Teng et al., 2024), reinforcing the notion that functional benefits shape 
positive attitudes toward technology adoption. 

Interestingly, the insignificant effect of perceived enjoyment (PE) on BI diverges from prior work 
where enjoyment was found to significantly predict intention, especially in non-academic context 
(Chang et al., 2023; Kim & Hall, 2019). This discrepancy suggests that in utilitarian settings like higher 
education, cognitive and functional motivators may outweigh hedonic factors. This view is supported 
by Y.-C. Chen et al., 2013, who also observed a diminished impact of enjoyment in structured learning 
environments. Therefore, our results add to the expanding literature suggesting that enjoyment may 
not serve as a universal predictor of technology adoption across all domains. 

Regarding the indirect effect, the findings confirm the significant mediating role of behavioral 
intention (BI) in influencing actual behavior (AB), particularly for attitude (ATU), computer self-
efficacy (CS), and perceived behavioral control (PBC). Specifically, the indirect effect of ATU → BI → 
AB exhibited the strongest impact (γ = 0.350, p < 0.001), indicating that students who hold a favorable 
attitude toward AI-powered tools are more inclined to develop a strong intention to use them, 
ultimately leading to actual adoption.  

Conversely, the indirect effect of perceived enjoyment (PE) → BI → AB was not significant (p = 
0.457), suggesting that perceived enjoyment does not meaningfully contribute to students' intention 
to use AI-powered tools, nor does it influence their actual behavior. This finding contrasts with some 
prior research where PE was a key motivator for technology adoption, especially in leisure-related 
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applications (e.g., gaming or social media) (Khalid, 2014; Roslan et al., 2021). However, in the 
academic setting, especially among Vietnamese Gen Z students, functionality, efficiency, and 
academic utility appear to take precedence over enjoyment.  

This result may reflect the distinct characteristics of Vietnamese Gen Z students, who likely value 
the utilitarian benefits of AI-powered tools, such as academic performance, time efficiency, and 
learning outcomes, over entertainment or enjoyment factors. The swift expansion of educational 
technologies in Vietnam, fueled by educational demands, could explain this shift in priorities (Van Le 
et al., 2021; Yen et al., 2023). Moreover, cultural factors like the high value placed on academic 
achievement and career success may encourage a more utilitarian perspective on adopting 
technology, focusing on practical use rather than enjoyment. These findings suggest that, for 
educational technologies to be effective in such contexts, they must be designed to deliver concrete 
academic benefits.  

 The results suggest that attitude (ATU), perceived usefulness (PU), and perceived behavioral 
control (PBC) play significant roles in influencing students' behavioral intentions, which in turn drive 
actual usage. However, perceived enjoyment (PE) does not significantly impact behavioral intention, 
indicating that entertainment value alone may not be a strong motivator for adoption in educational 
contexts. Drawing from these results, several important implications arise for educators and 
policymakers seeking to promote the use of AI-powered tools in educational settings. 

Firstly, enhancing students’ perceived usefulness (PU) of AI-powered tools is crucial for 
encouraging their adoption in educational settings. One effective approach is to integrate these tools 
into daily coursework, demonstrating their practical benefits in areas such as personalized feedback, 
automated summarization, and AI-assisted tutoring. Additionally, educators should introduce real-
life scenarios by integrating case studies and hands-on examples that showcase how AI enhances 
efficiency, creativity, and problem-solving skills across various academic fields. To further support 
adoption, universities should offer AI literacy workshops to help students understand how these tools 
function and how they can be leveraged for academic success. 

Secondly, to drive greater adoption of AI tools, institutions should focus on leveraging perceived 
ease of use (PEOU) by prioritizing user-friendly designs that minimize complexity and shorten the 
learning curve. Additionally, integrating interactive elements such as quizzes, AI-driven gamification, 
or real-time feedback can improve engagement and support the effectiveness of the learning 
experience. 

Thirdly, enhancing perceived behavioral control (PBC) is essential by reducing barriers to 
encourage students' adoption of AI-powered tools. Universities should negotiate institutional access 
to AI platforms, ensuring all students can use them without financial constraints. Additionally, 
providing technical support through AI help desks and step-by-step tutorials can help students 
overcome adoption challenges and build confidence in using these tools effectively. Equally 
important is the design of user-friendly AI interfaces, as institutions should prioritize AI tools that are 
intuitive and require minimal learning effort, making them accessible even for students with limited 
technical experience. Tackling these challenges enables educators to foster a more inclusive and 
encouraging atmosphere for the integration of AI in education. 

Thirdly, leveraging computer self-efficacy (CS) is crucial for fostering greater engagement with 
AI-powered tools in education. Hands-on and experiential learning activities can make AI engagement 
more accessible and practical. Incorporating AI-driven tasks, such as simulations, guided exercises, or 
problem-solving applications within coursework, can help students develop familiarity and 
confidence in using these tools in an academic setting without feeling overwhelmed. Especially, peer-
assisted learning and mentorship programs can reinforce self-efficacy by allowing students with 
strong AI proficiency to support their peers. Creating collaborative learning environments, such as AI 

https://doi.org/10.22521/edupij.2025.16.283


                                                                                   Nguyen and Ha | 19 

https://doi.org/10.22521/edupij.2025.16.283 Published online by Universitepark Press 

study groups or student-led tech clubs, can further encourage students to see AI as an accessible and 
valuable tool rather than an intimidating one. 

In addition, several measures can be implemented to strengthen students' attitudes (ATU) 
toward AI adoption. First, emphasizing the value of AI tools in enhancing interactivity and 
personalization, rather than replacing traditional methods, can help shape a more positive attitude. 
This aligns with the study's results, which show that a positive attitude plays a key role in shaping the 
intention to use AI tools, ultimately driving adoption. Additionally, introducing AI tools in a low-risk 
environment, such as through optional assignments or extra credit tasks, allows students to 
experience their benefits firsthand without pressure, fostering a positive attitude by reducing initial 
apprehension. Finally, when educators use AI-based learning tools themselves, it builds trust and 
reinforces their value, encouraging students to adopt a similar attitude. 

6. Conclusion 

This study explored Vietnamese students' intention to adopt AI-powered study tools by 
integrating the Technology Acceptance Model and the Theory of Planned Behavior. The findings 
highlight the key roles of perceived behavioral control, computer self-efficacy, and attitude in shaping 
behavioral intention and actual usage. Perceived usefulness and perceived ease of use also influenced 
attitude, reinforcing adoption. However, perceived enjoyment did not have a meaningful effect, 
suggesting that students prioritize functionality over entertainment. 

These results offer valuable guidance for stakeholders focused on fostering the use of AI within 
education. Practical implications include enhancing students' perceived usefulness of AI tools 
through curriculum integration, fostering self-efficacy through experiential learning, and improving 
accessibility through institutional support. Additionally, designing user-friendly AI platforms and 
addressing barriers related to perceived behavioral control can facilitate adoption. 

Overall, this study contributes to the growing body of research on AI adoption in education, 
highlighting the unique motivations of Vietnamese Gen Z students. Future research could explore 
long-term adoption trends and the evolving requirements of learners. As AI-powered tools continue 
to shape modern education, understanding the behavioral drivers of adoption will be crucial in 
optimizing their effectiveness and impact. Nonetheless, this study acknowledges the limitation of 
online data collection, which may introduce bias from ineligible or out-of-scope participants. To 
mitigate this, screening questions and single-response restrictions were applied. Future studies may 
consider offline or mixed-method approaches to improve validity. Moreover, relying on convenience 
sampling constrains the generalizability of the results, which are reflective of the specific surveyed 
group rather than all Vietnamese university students. 
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Appendix I. 

Table A1. Research Measurement 

1. Perceived usefulness (PU) 

PU1 I find that using AI-powered tools significantly improves my academic performance. 

PU2 I find that AI-powered tools are more time-efficient than traditional methods. 

PU3 I find that AI-powered tools make my learning process easier. 

PU4 In general, I find that AI-powered tools offer many benefits for my learning 

2. Perceived ease of use (PEOU) 

PEOU1 I find AI-powered tools clear and easy to understand. 

PEOU2 I find it easy to make AI-powered tools do what I need. 

PEOU3 I do not need much effort to interact with AI-powered tools. 

PEOU4 In general, I find AI-powered tools simple to use. 

3. Perceived behavioral control (PBC) 

PBC1 I believe I can successfully utilize any AI-powered tools. 

PBC2 I believe I have full control over the situation when using AI-powered tools. 

PBC3 I believe I possess sufficient resources to utilize AI-powered tools whenever needed 

PBC4 I have sufficient resources to utilize AI-powered tools, even if it requires higher costs. 

PBC5 I have the right to choose whether to use AI-powered tools or not. 

4. Perceived enjoyment (PE) 

PE1 I find using AI-powered tools interesting. 

PE2 Using AI-powered tools has sparked my imagination and creativity. 

PE3 Using AI-powered tools stimulates my curiosity and desire to explore and learn. 

5. Attitudes toward using AI (ATU) 

ATU1 I have a positive view of using AI tools. 

ATU2 Using AI-powered tools is a smart choice. 

ATU3 I support the use of AI-powered tools. 
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ATU4 I believe that using AI-powered tools will help me make a positive difference. 

ATU5 Overall, I enjoy learning with AI-powered tools.  

6. Subjective norm (SN) 

SN1 Most people important to me think that I should use AI-powered tools. 

SN2 My friends advise me to use AI-powered tools. 

SN3 Many of my friends use AI-powered tools. 

SN4 I feel the need to use AI-powered tools to avoid falling behind. 

SN5 I believe that the university supports the use of AI-powered tools within certain limits. 

7. Computer self-efficacy (CS) 

CS1 I am confident in my self-learning ability when using AI-powered tools. 

CS2 I am confident in my ability to effectively use AI-powered tools to complete my tasks. 

CS3 I am confident in using AI-powered tools with only online instructions. 

8. Behavioral intention (BI) 

BI1 I intend to use AI-powered tools in the long term. 

BI2 I am willing to use AI-powered tools. 

BI3 I will frequently use AI-powered tools in my studies and work in the future. 

9. Actual behavior (AB) 

AB1 I have experience using AI-powered tools in my studies and work. 

AB2 I frequently use AI-powered tools in my studies and work. 

AB3 In most cases, I mainly rely on AI-powered tools rather than traditional learning methods. 
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