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Abstract—Artificial Intelligence (AI) chatbots are 

increasingly reshaping learning practices in higher education. 
This study extends the Technology Acceptance Model (TAM) 
by incorporating critical thinking as a key cognitive antecedent 
of behavioral intention to use AI chatbots for learning. Using 
Partial Least Squares Structural Equation Modeling 
(PLS-SEM), data collected from Vietnamese university students 
(n = 100) were analyzed to examine the proposed relationships. 
The findings indicate that critical thinking is predictively 
associated with students’ self-reported behavioral intention to 
use AI chatbots and shows a larger standardized association 
than traditional TAM factors, including perceived usefulness, 
perceived ease of use, and attitude. Attitude toward AI chatbot 
use also directly predicts behavioral intention and is positively 
associated with critical thinking, suggesting a potential 
mediation mechanism. The extended model demonstrates 
substantial explanatory power in explaining variance in 
students’ self-reported behavioral intention. Overall, the results 
highlight critical thinking as an important cognitive factor 
associated with more reflective and responsible use of AI 
chatbots in university education. Given the cross-sectional and 
exploratory design, the findings should be interpreted as 
predictive rather than causal. 
 

Keywords—artificial intelligence, critical thinking, generative 
artificial intelligence, technology acceptance model, Vietnam 

I. INTRODUCTION  

Evidence from prior reviews in Vietnamese university 
education indicates that students generally associate the use 
of AI tools with improved learning performance, while at the 
same time expressing reservations about excessive reliance 
and its possible negative implications for CT [10]. As AI 
increasingly supports humans in performing different tasks, 
the risk of depending on machines for thinking may induce a 
decline in learners’ ability to think and assess for themselves, 
especially when CT is lacking [11]. CT, widely recognized as 
a core competency in university education, enables learners 
to evaluate the accuracy, credibility, and potential biases of 
information generated by AI systems [12–14]. In the AI era, 
CT has been increasingly emphasized as a reflective and 
evaluative reasoning process that helps maintain intellectual 
autonomy and ensures that these technologies support rather 
than replace human reasoning in higher education [15]. Thus, 
the role of CT in shaping how students interact and make 
decisions when using AI chatbots is an issue that requires 
further investigation.  

Currently, several international studies have begun to 
clarify the relationship between CT and the Behavioral 
Intentions (BI) to use AI chatbots [16, 17]. In addition, the 
Technology Acceptance Model (TAM) continues to play a 
fundamental role in explaining technology usage  
contexts [18]. However, relatively few studies have 
examined the integration of CT within the TAM framework. 
Recent research suggests that TAM can be meaningfully 
linked with higher-order cognitive constructs, such as CT, 
particularly in language learning contexts [19]. While the 
TAM has been widely applied to explain technology use 
intentions, its traditional emphasis on Perceived Usefulness 
(PU) and Perceived Ease of Use (PEU) as separable 
determinants may be less adequate for highly interactive 
systems such as GenAI. Chen et al. noted that in many recent 
studies, these perceptions tend to overlap conceptually and 
empirically, suggesting the need to reconsider how 
acceptance models are applied in GenAI contexts [6]. Prior 
studies have shown mixed findings regarding the role of PU 
in shaping students’ intentions to use GenAI tools. For 
example, Cano and Nunez [20] reported that PU did not 
consistently predict students’ intentions, whereas experiential 
factors showed stronger associations.  

Despite these contributions, several key gaps remain. 
Firstly, there is a construct gap, as relatively few studies have 
explicitly integrated CT into the TAM to explain BI. 
Secondly, there is a modeling gap, given the inconsistent 
findings regarding the role of PU in shaping students’ 
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The rapid development of Generative Artificial 

Intelligence (GenAI), particularly AI chatbots represented by 

ChatGPT, is significantly changing the learning environment 

in global higher education [1–4]. In this context, many 

Vietnamese universities have gradually piloted the 

incorporation of these tools across teaching and learning 

activities in order to support greater autonomy among 

students [5]. Recent research has shown that users’

engagement with such systems is shaped by a complex 

interplay of perceptual, cognitive, and experiential factors 

rather than by instrumental considerations alone. A 

comprehensive synthesis by Chen et al. [6]indicates that 

users’ attitudes and intentions toward GenAI are often 

formed through holistic interaction experiences, including 

perceived fluency, responsiveness, and personal competence 

in using these technologies. While GenAI offers clear 

benefits for learning efficiency and performance, it also 

raises concerns regarding over-reliance, Critical Thinking 

(CT), and academic integrity [7]. At the same time, students 

report concerns regarding over-reliance on AI tools and 

potential threats to academic integrity, underscoring the need 

for a balanced and reflective approach to AI integration in 

higher education [8, 9].



  

intentions to use GenAI tools. Thirdly, there is a contextual 
gap, as limited empirical evidence exists in the Vietnamese 
higher education context examining the relationship between 
CT and BI through an extended TAM framework. To the best 
of our knowledge, no prior study has simultaneously 
integrated CT into the TAM framework to examine students’ 
BI to use AI chatbots in the Vietnamese university education 
context. To address these gaps, this study aims to explore the 
role of CT in shaping Vietnamese university students’ BI to 
use AI chatbots. Based on the extension of TAM with the CT 
variable, the Partial Least Squares Structural Equation 
Modeling (PLS-SEM) is applied to evaluate the suitability of 
the extended model in the Vietnamese higher education 
context. In particular, the proposed research model 
conceptualizes how PU and PEU influence ATU, which in 
turn affects BI. In addition, CT is incorporated as a cognitive 
mechanism linking ATU and BI in the context of AI chatbot 
use. The study further seeks to clarify the relationships 
between CT and key TAM constructs, thereby providing 
empirical insights into the application of AI chatbots in 
university education. The study proposes the hypothesis that: 

H1: PEU is expected to exert a positive effect on ATU. 
H2: PU is expected to exert a positive effect on ATU. 
H3: ATU is expected to exert a positive effect on BI. 
H4: ATU is likely to have a positive impact on CT. 
H5: CT is likely to have a positive impact on BI. 
This study is expected to offer several contributions. From 

a practical perspective, it provides empirical insights to 
inform university-level AI policies, particularly in promoting 
responsible and balanced use of AI chatbots in learning 
environments. In terms of instructional design, it highlights 
the role of CT in guiding the effective integration of AI tools 
and supporting the development of pedagogical strategies 
that foster reflective and autonomous learning. From a 
theoretical standpoint, the study extends the TAM by 
incorporating CT as a higher-order cognitive construct, 
thereby contributing to the advancement of technology 
acceptance research in the context of GenAI. In addition, the 
study offers implications for promoting AI literacy and 
supporting academic integrity through more reflective and 
responsible engagement with AI. 

II. LITERATURE REVIEW 

A. Technology Acceptance and University Students’ AI 
Chatbots Behavioral Intention to Use 

The TAM proposed by Davis [18], is one of the 
foundational frameworks employed to explore users’ 
acceptance of technology. In the TAM framework, Perceived 
Usefulness (PU) and Perceived Ease of Use (PEU) are two 
key factors. In addition, a third factor, attitude, serves as a 
mediator and predicts the use of BI [18]. The model’s broad 
applicability across diverse technologies and user groups 
explains its widespread acceptance, along with the increasing 
number of studies adopting TAM across various domains in 
general and within educational settings in particular [21]. 

Within higher education, the TAM model has 
demonstrated its suitability in explaining the factors that 
influence attitudes and technology use behavior in the 
context of many countries [21, 22]. In which the intention to 
use is a crucial determining factor in actual intention to  

use [23]. In Vietnam, studies have also applied the TAM 
model to examine students’ technology adoption behavior in 
contexts such as online learning during the COVID-19 
period. Thuy and Tuong [24] combined TPB and TAM to 
propose a logical framework for students’ online learning 
behavior, indicating that PU and PEU have a positive 
influence on attitudes, which in turn affect the intention to 
use. Research with students at Dong Nai University found 
that both PU and PEU are related to the BI to use technology 
for online learning. Specifically, the support provided 
through the online learning system was evaluated positively 
by students. The level of interaction and the ease of use of the 
system were also positively assessed when guidance was 
available [25]. 

The emergence of generative artificial intelligence 
applications, such as ChatGPT, has led researchers to further 
adapt the TAM model for analyzing students’ attitudes, 
acceptance, and behavioral intention. The PU has been 
shown to be the predictor of the BI to use ChatGPT [26]. 
Extensions of TAM have incorporated factors such as AI 
self-efficacy, trust, facilitating conditions, subjective norm, 
and intrinsic motivation to explain BI in GenAI  
contexts [26, 27]. Consistent with the study of [28], PU has 
connected with performance expectation, showing a positive 
attitude and the belief that ChatGPT is a useful tool for 
learning, helping students complete tasks more quickly, and 
improving their overall learning outcomes. For ChatGPT, the 
PEU is voiced through users’ views that the tool is easy to 
relate to and does not require much technical knowledge [28]. 
Prior studies examining students’ engagement with GenAI 
suggest that PU does not always function as a direct 
antecedent of BI. For instance, Cano and Nunez [20] found 
that PU did not significantly influence students’ intention to 
use GenAI, challenging the traditional assumption of TAM 
that usefulness is a primary driver of BI.  

Notably, in the context of interactive generative systems 
such as AI chatbots, the conceptual distinction between PU 
and PEU may require reconsideration. Unlike traditional 
systems, where PU and PEU are relatively separable [18, 21], 
GenAI systems support both interaction and task execution 
through natural language-based interfaces, allowing users to 
communicate with the system while performing various 
learning-related tasks [29–31], thereby linking interaction 
and task execution within a conversational interface and 
potentially reducing technical barriers and cognitive effort 
for users. As a result, users’ PU may depend not only on 
system performance but also on their ability to critically 
evaluate and interpret AI-generated outputs [13, 32]. This 
suggests that traditional TAM constructs may not fully 
capture acceptance behavior in GenAI contexts, highlighting 
the need to incorporate higher-order cognitive factors, such 
as CT, to account for users’ quality of judgment [9, 11, 15]. 

Taken together, these findings indicate that while TAM 
remains robust in explaining AI adoption, the relative 
importance of its core constructs may vary across 
technological phases, especially in the context of GenAI. 
However, existing findings remain somewhat inconsistent 
regarding the strength of relationships among PU, PEU, 
ATU, and BI in AI chatbot use. Therefore, this study 
re-examines TAM relationships to understand university 
students’ use of AI chatbots. Specifically, PEU is expected to 
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enhance users’ attitudes toward GenAI by reducing cognitive 

effort, while PU is expected to strengthen ATU by increasing 

perceived performance benefits. This suggests that both PU 

and PEU play a critical role in shaping users’ evaluative 

responses toward AI chatbots. In turn, a positive ATU is 

likely to translate into stronger BI, as favorable evaluations 

increase users’ willingness to adopt the technology. 

B. Critical Thinking and Its Role in the Use of AI 

The rapid development of AI, particularly AI chatbots 

systems, is transforming the way humans access information 

and knowledge. In this context, the CT centered on the ability 

to analyze, evaluate, reason, and make evidence-based 

decisions has played a crucial role in ensuring that learners do 

not become passive recipients of the vast amount of 

information provided by AI [13]. The fast-growing 

emergence of AI chatbots systems, with ChatGPT as a 

prominent example, has brought both opportunities and 

challenges for cultivating CT. It has underscored the 

importance of CT as an essential competence for students to 

use AI tools effectively and responsibly [17]. Recent 

empirical evidence, Suriano et al. [32]suggests that through 

intentional and interactive use, actively prompting, 

evaluating, and iterating, students shift from passive 

reception to deliberate, higher-order thinking. This empirical 

evidence supports the argument that active, attitude-driven 

engagement with AI can trigger higher-order cognitive 

processes such as CT. In a study involving university 

students and instructors in the Middle East, Alshamy et al. 

reported that users’ evaluations of GenAI were closely tied to 

contextual learning practices and interaction experiences 

rather than abstract assessments of technological utility [33]. 

Recent developments in educational AI have been argued 

to focus on integrating the computational capabilities of AI 

with the CT, analytical, and creative capacities unique to 

humans, rather than allowing technology to completely 

replace learners’ cognitive activities [14]. Despite growing 

scholarly attention to strategies for fostering CT in 

AI-supported learning environments, most existing studies 

emphasize pedagogical or ethical frameworks rather than 

empirically testing behavioral models. Sitepu et al. [15] 

highlight this gap by showing that while numerous strategies 

have been proposed to enhance CT in the AI era, limited 

research has examined how CT functions as a predictive 

factor shaping students’ intentions and behaviors when using 

AI tools. Empirical evidence suggests that the influence of AI 

chatbots on CT is contingent upon learners’ modes of 

interaction. When students actively evaluate and select 

AI-generated information, CT may be stimulated; however, 

uncritical acceptance of system outputs has been associated 

with reduced motivation and diminished independent  

reasoning [16, 34, 35]. Therefore, raising awareness of the 

limitations, risks, and imperfections of AI has been identified 

as a crucial factor in enabling learners to maintain an active 

role in the learning and decision-making process [35]. 

For students, AI chatbots can personalize interactions and 

tailor assistance according to their needs, thereby enhancing 

knowledge acquisition and retention, improving the learning 

experience, and fostering overall academic performance [36]. 

Supporting this view, Slimi et al. [8] reported that students 

perceive AI integration in higher education as enhancing 

learning experiences through personalized support, timely 

feedback, and opportunities for engagement that may foster 

CT. However, their study primarily focuses on perceptions 

and attitudes, offering limited insight into how such attitudes 

translate into cognitive processing mechanisms such as CT 

during AI use. From a cognitive perspective, CT enables 

learners to actively evaluate, verify, and regulate 

AI-generated information rather than passively accepting it. 

In this sense, CT functions as a cognitive filter that helps 

students assess the reliability and appropriateness of AI 

outputs, and as a mechanism that prevents over-reliance, 

thereby supporting more informed and responsible  

BI [13, 13, 32]. This evaluative process is more likely to be 

activated when learners hold favorable ATU toward AI 

systems, as positive ATU can increase cognitive engagement 

and motivate deeper, more systematic processing of GenAI 

information, which constitutes a key condition for the 

activation of the CT. From a theoretical perspective, ATU are 

considered antecedents of cognitive engagement in 

technology use contexts, as they shape users’ willingness to 

invest effort and process information more deeply [18, 37]. 

Positive ATU toward AI use may lead students to engage 

more actively and reflectively with AI-generated content, 

thereby increasing the likelihood of engaging in prompting, 

verifying, and iterative practices that activate CT [19, 32, 33]. 

The study by Esiyok et al. shows that AI chatbots can support 

learning by providing personalized feedback, guidance, and 

facilitating communication and assessment in educational 

contexts [38]. In summary, exploring AI chatbot for BI use in 

learning should not be limited to technical aspects but should 

also take into account learners’ cognitive processes, 

particularly the role of CT as a cognitive driver of AI usage 

behavior. While prior extensions of TAM have emphasized 

users’ confidence in operating AI systems and perceived 

social or institutional support [27], relatively little attention 

has been paid to learners’ critical evaluation of AI outputs. 

This gap suggests the relevance of examining CT as a 

cognitive mechanism linking ATU toward AI chatbot to BI.  

In the context of AI adoption in Vietnam, lower secondary 

school teachers highly value the necessity of AI applications 

in teaching, particularly their potential to support creativity, 

save time, and improve work efficiency [39]. Regarding 

university students and language learning, a recent study by 

Thai [5] has revealed that while most students are aware of 

ChatGPT, only a small number use it for language learning. 

Nevertheless, they positively evaluate its potential to support 

learning, including providing quick feedback and helping to 

improve skills. Students also have indicated concerns related 

to the reliability of information and the potential negative 

impact on CT if excessive reliance develops [5]. 

Moreover, the nature of learners’ cognitive activities when 

using AI has also been shifting. Instead of directly 

constructing knowledge, learners have increasingly taken on 

the role of supervising, verifying, and adjusting the outputs 

generated by AI [34, 40]. The CT has been argued to require a 

higher level of thinking, which has involved not only 

analyzing information but also evaluating the relevance, 

reliability, and potential implications of the data [41]. While 

international evidence highlights both the opportunities and 

challenges that AI chatbots bring to CT, it is equally 

important to consider how these dynamics are demonstrated 



  

  
 

   

 

 

 

 

  

  

 
 

Table 1. Measurement scales 
Construct(s) Resources 

Perceived Usefulness (PU) 
PU1 AI chatbots enable me to locate relevant information efficiently 

[17] 

PU2 AI chatbots support my understanding of complex concepts in the learning process 
PU3 AI chatbots increase my study efficiency by providing timely responses 

Perceived Ease of Use (PEU) 
PEU1 The interface of AI chatbots is easy to understand 
PEU2 I find it easy to access and use AI chatbots for the learning process needs 
PEU3 The instructions provided by AI chatbots are clear and easy to follow 

Attitude toward Using AI chatbots 
(ATU) 

ATU1 Using AI chatbots to build outlines, organize, and expand ideas 
ATU2 Using AI chatbots to support essays and academic research 
ATU3 Using AI chatbots as a virtual assistant helps me clarify questions related to my lessons 

Behavioral Intention to Use of AI 
Chatbots (BI) 

BI1 When exploring a new topic, using AI chatbots stimulates me to study the subject more 
deeply  

BI2 I plan to use AI chatbots to support tasks such as generating ideas, drafting content, or 
preparing scripts for educational purposes 

BI3 I plan to use AI chatbots as a supportive tool to enhance my learning, rather than as a 
substitute for my own independent thinking 

Critical Thinking in the Using AI 
chatbots (CT) 

CT1 I verify the information from AI chatbots with multiple sources to ensure accuracy 
[32, 47] CT2 I prompt AI chatbots to provide credible sources and evidence 

CT3 I ask questions and demand responses from AI chatbots from multiple perspectives 
 

B. Sample and Data Collection 
A non-probability convenience sampling technique was 

employed, targeting students enrolled at the University of 
Education, Vietnam National University, Hanoi, who had 
prior experience with or interest in using AI chatbots for 
learning. Data were collected online via Google Forms from 
March to April 2025 and distributed through student groups 
and academic networks. The findings of the study showed 
that a total of 100 student responses were collected via the 
survey. In terms of gender, females accounted for the 
majority with 60% (60 students), while males represented 
40% (40 students). Regarding the university year, 
second-year students had the highest proportion (31%), 
followed by third-year students (29%), final-year students 
(24%), and first-year students with the lowest proportion 
(16%). All respondents were undergraduate students from 
diverse academic disciplines. The sample included students 

from different academic years, ensuring representation across 
levels of study (see Table 2). 

 
Table 2. Descriptive characteristics for participants 
Characteristic Total (N) Percentage (%) 

Gender Female 60 60 
Male 40 40 

University year 

1st 16 16 
2nd 31 31 
3rd 29 29 
4th 24 24 

How often do you 
use AI chatbots? 

Never 0 0.0 
Rarely 0 0.0 

Occasionally 15 15 
Frequently 37 37 
Very often 48 48 

How effective is 
using AI chatbots 

for yourself? 

Ineffective 0 0.0 
Slightly effective 2 2 

Normal 10 10 
Effective 39 39 

Very effective 49 49 
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in specific local contexts such as Vietnam. The study by 

Giang et al. [42] has found that manifestations of CT have 

been only at an average level. Reasons identified by 

Hang et al. [43], including esteem for teachers in East Asian 

culture and a dislike of engaging in direct review, have been 

reported as factors affecting learners’ CT. However, CT has 

been proven to positively impact students’ problem-solving 

skills and enhance outcomes [44]. For that reason, to develop 

CT, the learning environment in Vietnamese universities has 

been suggested to need reducing the emphasis on knowledge 

acquisition and creating more opportunities for students to 

engage in dialogue and academic debate [45, 46]. In sum, 

both global and Vietnamese studies underscore that AI does 

not diminish the role of CT; it reinforces the urgent need to 

cultivate students’ ability to use AI tools critically, 

responsibly, and effectively within higher education. 

To summarize consistent findings, prior studies highlight 

the importance of CT in shaping learners’ engagement with 

AI tools. However, the role of CT as a predictive factor in 

behavioral models of AI adoption remains underexplored, 

particularly in relation to ATU and BI. From a cognitive 

perspective, a favorable ATU is likely to increase users’

engagement and motivate deeper evaluation of AI-generated 

content, thereby activating CT. In turn, CT enables users to 

assess the reliability and usefulness of AI outputs, thereby 

enhancing their confidence and BI in using such systems. 

Therefore, this study examines CT as a cognitive mechanism 

linking ATU and BI.

Building upon the established relationships within TAM, 

this study extends the model by incorporating CT as an 

additional cognitive dimension. This extension aims to 

provide a more comprehensive understanding of how 

students interact with AI chatbots in educational settings, 

particularly in terms of critical thinking and higher-order 

cognitive processes.

III. MATERIALS AND METHODS

A. Research Design

Informed by the TAM, the relationship between CT and 

students’ BI to use AI chatbots for learning was examined 

using a quantitative cross-sectional survey. Data were 

collected through a questionnaire consisting of measurement 

scales adapted from established studies in TAM and AI 

adoption literature and modified to fit the context of 

Vietnamese university students. The questionnaire included 

statements measured on a Likert scale (5-point) or refined 

based on scales from prior research.  The questionnaire was 

translated into Vietnamese using a back-translation 

procedure and reviewed by domain experts to ensure clarity 

and content validity (see Table 1).



  

C. Analyzing of Data 
After the evaluation process, the total number of valid 

responses used for analysis was 100. Firstly, based on the 
specified parameters, significance level α = 0.05, statistical 
power = 0.80, and effect size f2 = 0.15, and according to the 
research model (Fig. 1), the maximum number of 
independent variables pointing to one dependent variable was 
two, which was consistent with the calculation from 
G*power [48]. Secondly, the sample size also met the 
minimum standard recommended by [49, 50]. The survey 
data were analyzed using SmartPLS 4.0 software. 

 

 
Fig. 1. Research model. 

 
In addition to the canonical TAM specification, we tested 

an alternative operationalization in which PU and PEU were 
modeled as a single Perceived Usefulness-and-Ease (PU-E), 
reflecting learners’ holistic appraisal of AI-chatbot 
utility-in-use. This alternative specification was pre-specified 
to examine model robustness in GenAI contexts where 
ease-of-use may be less differentiating. Both model 
specifications are reported to allow transparent comparison 
and to reduce the risk of capitalizing on chance. 

Before running the analysis, the dataset was checked for 
missing values and outliers. Data were analyzed using 
PLS-SEM with SmartPLS 4.0, following a two-step 
approach: (1) assessment of the measurement model and (2) 
evaluation of the structural model. Regarding the 
measurement model, item reliability was examined with 
factor loadings expected to be above 0.70 [49]. Construct 
reliability was evaluated drawing on Cronbach’s alpha and 
Composite Reliability (CR), each adopting a cut-off value of 
0.70 [49, 50]. Adequate convergent validity is demonstrated 
by AVE values greater than 0.50. The assessment of 
discriminant validity indicated that HTMT values were 

 
 

   

IV. RESULT 

A. Measurement Model Assessment 
The measurement model demonstrated adequate indicator 

reliability, as all factor loadings exceeded the recommended 
threshold of 0.70, ranging from 0.840 to 0.914 (Table 3) [50]. 
The Cronbach’s alpha values ranged from 0.795 to 0.889, 
rho_A values from 0.796 to 0.892, and composite reliability 
(CR) values from 0.897 to 0.931, all exceeding the 
recommended minimum of 0.70 (Table 3), indicating 
satisfactory internal consistency reliability across the 
constructs. Convergent validity was supported, as the 

Average Variance Extracted (AVE) values ranged from 
0.744 to 0.830, exceeding the recommended cut-off value of 
0.50 [50]. Collinearity was assessed using Variance Inflation 
Factors (VIF), with all values ranging from 1.771 to 2.930, 
and remaining below the conservative threshold of 3.3 [50], 
indicating that multicollinearity was not a concern in the 
measurement model. 

 

 

       

   
       

   
   

       
   
   

       
   
   

       
   

          
 

Next, the square root of the AVE (on the diagonal) was 
confirmed to be greater than all correlation coefficients with 
other variables in the same row, indicating adequate 
discriminant validity [51]. Regarding HTMT, most construct 
pairs exhibited values below the recommended threshold of 
0.90 [53]. However, the HTMT value between CT and BI 
was relatively high (HTMT = 0.890), approaching the 
threshold. Given the conceptual proximity between reflective 
critical engagement and intention-related behaviors, this 
result was considered theoretically plausible. Item wording 
was therefore reviewed to ensure conceptual distinctiveness 
between these constructs. In addition, the HTMT value 
between PU and PEU exceeded the recommended threshold 
(HTMT = 1.045), indicating insufficient discriminant 
validity between these two constructs. This result suggests 
that, in the context of AI chatbots, students may perceive PU 
and PEU as highly intertwined. Based on this empirical 
evidence, PU and PEU were subsequently integrated into a 
single construct PU-E in the revised measurement model, as 
reported in Table 4. This adjustment resolved the 
discriminant validity concern and may suggest 
context-specific overlap between these constructs within the 
AI chatbot setting. 

 
Table 4. Fornell–Larcker and HTMT indices for the discriminant validity 

of the measurement scale 
First Measurement Model Revised Measurement Model 

Fornell-Larcker Criterion 
ATU 0.882     ATU 0.882    

BI 0.488 0.863    BI 0.488 0.863   
CT 0.374 0.771 0.904   CT 0.374 0.771 0.904  

PEU 0.588 0.473 0.407 0.879  PU-E 0.575 0.468 0.388 0.862 PU 0.502 0.418 0.324 0.861 0.911 
Heterotrait-Monotrait Ratio (HTMT) 

ATU      ATU     
BI 0.581     BI 0.581    
CT 0.427 0.890    CT 0.427 0.890   

PEU 0.673 0.553 0.459   PU-E 0.637 0.531 0.423  PU 0.604 0.516 0.382 1.045  
 

Overall, the measurement model demonstrates satisfactory 
reliability and validity. Identified discriminant validity 
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Table 3. Reliability and convergent validity indices of the first 

measurement model

Components
Factor 

loading
VIF

Cronbach’s 

Alpha
rho_A CR AVE

ATU1 0.873 2.033

0.858 0.859 0.913 0.778ATU2 0.872 2.121

ATU3 0.902 2.391

BI1 0.840 1.814

0.828 0.834 0.897 0.744BI2 0.854 1.835

BI3 0.893 2.108

CT1 0.908 2.930

0.889 0.892 0.931 0.818CT2 0.913 2.810

CT3 0.891 2.247

PEU1 0.872 2.165

0.854 0.875 0.911 0.773PEU2 0.870 2.196

PEU3 0.895 2.011

PU1 0.914 1.771
0.795 0.796 0.907 0.830

PU2 0.908 1.771

below 0.90, as supported by the Fornell-Larcker 

criterion [51, 52]. For the structural model, the model’s 

explanatory power was assessed by R2 values, effect sizes f2, 

and predictive relevance Q2 (> 0). Finally, bootstrapping was 

implemented to examine the statistical significance of the 

structural paths (t > 1.96, p < 0.05) [50]. 



  

concerns were addressed through theoretically grounded 
interpretation and alternative model specification, supporting 
the robustness of the measurement framework employed in 
this study.  

B. Structural Model Assessment 
The hypotheses of the model were tested using the 

bootstrapping method [50, 54]. In the initial structural model 
(Table 5), ATU was significantly associated with BI  
(β = 0.232, t = 2.824, p = 0.005, f2 = 0.129) and CT  
(β = 0.374, t = 3.298, p = 0.001, f2 = 0.162). These effect sizes 
indicate that ATU has a moderate influence on both BI and 
CT. The CT showed a strong association with BI (β = 0.684,  
t = 8.494, p < 0.001), with a large effect size (f2 = 1.118), 
indicating substantial explanatory power within the model. 
This result suggests that CT plays a more prominent role 
compared to ATU in shaping BI. The PEU was significantly 
associated with ATU (β = 0.604, t = 4.127, p < 0.001), 
whereas PU was not (β = −0.018, t = 0.162, p = 0.872). The 
non-significant effect of PU indicates that its contribution to 
ATU was not supported in this model. 

Specific indirect effects (Table 6) were observed through 
ATU and CT, while indirect pathways involving PU were not 
supported. These results indicate that ATU and CT 
sequentially mediate the relationship between system 
perceptions and BI, highlighting the importance of both 

attitudinal and cognitive mechanisms in shaping students’ 
intention to use AI chatbots. This suggests that PU does not 
play a meaningful mediating role in influencing BI in this 
context. Given the nonsignificant role of PU and the lack of 
discriminant validity between PU and PEU identified in the 
measurement model, a revised structural model was 
estimated by integrating PU and PEU into a single construct 
PU-E. As reported in Table 5, PU-E was strongly associated 
with ATU (β = 0.575, t = 5.176, p < 0.001, f2 = 0.493). The 
associations among ATU, CT, and BI remained stable in both 
magnitude and significance, with CT continuing to exhibit a 
strong association with BI (β = 0.684, t = 8.641, p < 0.001). 

Regarding explanatory power (Table 7), the revised model 
accounted for a substantial proportion of variance in BI  
(R2 = 0.633), while ATU showed moderate explained 
variance, whereas CT showed a low level of explained 
variance (R2 = 0.131). All Q2 values were positive, thereby 
confirming the model’s predictive relevance. Overall, the 
structural model results indicate that ATU and CT constructs 
are strongly associated with students’ self-reported BI to use 
AI chatbots within the extended TAM framework. Given the 
cross-sectional design, these findings should be interpreted as 
predictive relationships rather than causal effects.  The 
structural relationships for the initial and revised models are 
illustrated in Fig. 2 and Fig. 3, respectively. 

 
Table 5. Path coefficients of the first measurement model 

Effects Type Hypothesis β SD  T-Statistics P-values f2 Result 

Direct Effects  

ATU → BI 0.232 0.083 2.785 0.005 0.129 Supported 
ATU → CT 0.374 0.113 3.298 0.001 0.162 Supported 

CT → BI 0.684 0.080 8.494 0.000 1.118 Supported 
PEU → ATU 0.604 0.146 4.127 0.000 0.145 Supported 
PU → ATU −0.018 0.112 0.162 0.872 0.000 Unsupported 

Specific Indirect Effects 

PEU → ATU → BI 0.140 0.062 2.280 0.023  Supported 
PU → ATU → BI −0.004 0.027 0.155 0.877  Unsupported 

PEU → ATU → CT → BI 0.154 0.077 2.007 0.045  Supported 
ATU → CT → BI 0.255 0.090 2.825 0.005  Supported 

PU → ATU → CT → BI −0.005 0.033 0.142 0.887  Unsupported 
PEU → ATU → CT 0.226 0.106 2.124 0.034  Supported 
PU → ATU → CT −0.007 0.046 0.147 0.883  Unsupported 

 
Table 6. Path coefficients of the revised measurement model 

Effects Type Hypothesis β SD T-Statistics P-values f2 Result 

Direct Effects 

ATU → BI 0.232 0.082 2.824 0.005 0.129 Supported 
ATU → CT 0.374 0.115 3.260 0.001 0.162 Supported 

CT → BI 0.684 0.079 8.641 0.000 1.118 Supported 
PU-E → ATU 0.575 0.111 5.176 0.000 0.493 Supported 

Specific Indirect Effects 

PU-E → ATU → BI 0.134 0.051 2.615 0.009  Supported 
ATU → CT → BI 0.255 0.091 2.822 0.005  Supported 

PU-E → ATU → CT → BI 0.147 0.074 1.990 0.047  Supported 
PU-E → ATU → CT 0.215 0.100 2.155 0.031  Supported 

 
Table 7. Coefficient of determination and predictive relevance of the 

structural models 

Variable 
R2 Adjusted Q2 

First 
Model 

Revised 
Model 

First 
Model 

Revised 
Model 

ATU 0.333 0.323 0.266 0.254 
BI 0.633 0.633 0.443 0.443 
CT 0.131 0.131 0.096 0.096 

V. DISCUSSION 
This study advances understanding of students’ use of 

conversational AI in higher education by extending the TAM 
with CT as a cognitive construct. The empirical results 
suggest that the extended model demonstrates substantial 
explanatory capacity for Vietnamese university students’ 

self-reported intention to use chatbots for learning purposes, 
accounting for 63.3% of the variance in BI (R2 = 0.633). This 
level of explained variance is comparable to, and in some 
cases higher than, that reported in prior research examining 
technology acceptance in educational contexts [21]. 
Compared with prior TAM-based studies focusing on 
self-efficacy or trust [27], the present study highlights CT as a 
complementary cognitive construct associated with more 
reflective and deliberate intentions to use AI chatbots. 

A central finding concerns the association between CT and 
students’ intention to use chatbots. In contrast to findings 
suggesting that AI literacy alone may not directly translate 
into intention [55], the present results indicate that CT is 
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significantly associated with students’ intention to use AI 
chatbots, reflecting users’ active evaluation and critical 
assessment of AI-generated outputs. Among all predictors in 
the model, CT exhibited the largest standardized path 
coefficient (β = 0.684) and a very large effect size (f2 = 1.118), 
indicating a substantial contribution to explaining variance in 
BI. This finding is noteworthy, as it contrasts with traditional 
TAM assumptions in which perceptual factors such as PU 
and PEU are typically the dominant predictors of BI [18, 21]. 
This may indicate that in AI-mediated learning environments, 
cognitive engagement plays a more central role than 
instrumental evaluations. While this result aligns with prior 
studies emphasizing the role of CT [16, 17, 32], it extends 
this line of research by demonstrating that CT functions not 

merely as an outcome, but as a direct predictor of BI in AI 
contexts. As interaction with chatbots requires analysis, 
evaluation, and reflective judgment [13, 41], CT appears to 
play a central role in supporting students’ active and 
reflective engagement in this context. This suggests that CT 
may function not only as a cognitive skill but also as a key 
mechanism that reshapes how traditional TAM constructs 
operate in interactive AI contexts. While earlier work has 
often conceptualized CT as an outcome of learning activities 
or as indirectly linked to technology use through engagement 
or perceived value [19], the present findings indicate that CT 
is closely associated with students’ intentions to engage with 
chatbots within the proposed model. 

 

 
Fig. 2. First measurement model. 

 

 
Fig. 3. Revised measurement model.  
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This pattern may be understood by considering the 

cognitive demands inherent in interacting with 

conversational systems. Effective use of chatbots for learning 

requires learners to formulate appropriate queries, evaluate 

system outputs, verify information accuracy, and determine 

the relevance of responses to academic tasks. These activities 

correspond closely to core dimensions of CT, including 

analysis, evaluation, and reflective judgment [13, 14, 41]. 

From this perspective, CT may be interpreted as a cognitive 

condition that may facilitate students’ engagement with 

chatbots in a purposeful and reflective manner [11, 35].

A significant linkage between CT and BI was observed in 

this study. This finding aligns with prior Vietnamese research 

highlighting concerns about diminished critical engagement 

when AI tools are used unreflectively [10]. This finding 

further supports evidence suggesting that effective 

engagement with AI chatbots depends on users’ cognitive 

capacities, particularly their ability to evaluate and regulate 
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system outputs, which reduces the likelihood of uncritical 

reliance on GenAI [33]. A similar mechanism is suggested in 

classroom-based intervention research, where students used 

GenAI not merely to retrieve information but as cognitive 

support for understanding and explanation-building, with 

teachers guiding students to critically evaluate AI-generated 

explanations. In Ratniyom et al. [56] this structured use of 

Microsoft Copilot was associated with significant gains in 

explanation competency, reinforcing the importance of 

guided evaluation rather than uncritical acceptance of AI 

outputs. In this regard, CT may function as a cognitive 

condition that may support more reflective and responsible 

use, complementing perceptual evaluations related to 

usefulness and ease of use. Similar observations have been 

reported in recent studies highlighting that students who 

actively question and evaluate information provided by 

conversational systems tend to demonstrate deeper 

engagement and more responsible patterns of use [32, 40]. 

The findings also refine the understanding of PU and PEU 

in the context of conversational AI. As shown in Fig. 2, the 

initial modelindicates that PU did not show a significant 

association with ATU when treated as a separate construct.  

As illustrated in Fig. 3, the resived model demonstrates that 

when PU and PEU were integrated into a single combined 

perception, this PU-E construct exhibited a strong and 

significant association with attitude. This result suggests that, 

for university students, perceptions of usefulness may be 

closely intertwined with the ease and fluency of interaction 

when engaging with chatbots.  The lack of discriminant 

validity between PU and PEU may reflect either a 

measurement limitation or a substantive psychological 

phenomenon, and thus should be interpreted with caution. 

Consistent with this interpretation, prior research indicates 

that users’ evaluations of GenAI often emerge from holistic 

interaction experiences, making it difficult to disentangle 

usefulness from ease of interaction in empirical models [6]. 

The lack of a significant direct association between PU and 

ATU in the present study aligns with recent findings showing 

that usefulness does not necessarily function as a dominant 

predictor when students’ evaluations are shaped primarily by 

experiential aspects of system use [20]. Rather than assessing 

usefulness as a distinct instrumental benefit, students may 

form judgments based on their overall interaction experience, 

including responsiveness and conversational flow [26, 28]. 

This suggests that, in GenAI contexts, traditional TAM 

constructs may become cognitively integrated due to the 

conversational and interactive nature of the technology.  

Collectively, these findings converge with emerging 

experiential perspectives on technology use [3, 57], further 

research is needed to examine whether such integrated 

perceptions are characteristic of conversational technologies 

more broadly or specific to particular educational contexts. 

Another important observation is that ATU remained 

significantly associated with both BI and CT. This finding 

indicates that affective evaluations continue to play a 

meaningful role even when cognitive factors are incorporated 

into the model. Rather than displacing attitude, CT appears to 

complement it by shaping how students evaluate, regulate, 

and reflect on their interactions with chatbots. This 

combination of affective and cognitive pathways is consistent 

with earlier research suggesting that technology use in 

education is influenced by both emotional responses and 

higher-order cognitive processes [18, 21, 58]. 

The results are particularly relevant in the Vietnamese 

higher education context. Prior studies have reported that 

Vietnamese students’ CT skills remain at a moderate level, 

shaped by cultural norms, instructional practices, and limited 

opportunities for open academic debate [42, 43]. 

Concurrently, awareness and use of conversational AI among 

university students in Vietnam have increased rapidly [5]. 

The strong association between CT and intention to use 

chatbots observed in this study suggests that such 

technologies may provide opportunities that are consistent 

with the activation and practice of CT when embedded within 

pedagogically meaningful learning activities. Universities 

should integrate AI chatbots into learning environments in 

ways that promote critical engagement, such as embedding 

reflective and evaluative tasks. Educators should guide 

students to actively question, verify, and iteratively interact 

with AI-generated content, rather than using chatbots 

passively. This interpretation aligns with both national and 

international research emphasizing the need to align digital 

technologies with instructional approaches that promote 

questioning, evaluation, and reflective learning [35, 46]. 

Recent national policy initiatives in Vietnam, including 

strategies on AI and emerging frameworks for digital 

competence, provide a timely foundation for aligning chatbot 

use with broader educational goals [59–61]. 

VI. CONCLUSION 

This study examined university students’ BI to use AI 

chatbots in educational contexts by extending the TAM with 

CT in the Vietnamese university context. The findings 

demonstrate that the proposed model provides substantial 

explanatory power, with CT emerging as the most salient 

factor associated with students’ use of AI chatbots. In 

addition, ATU remained significantly associated with both 

BI and CT, indicating the continued relevance of affective 

evaluations alongside cognitive engagement. While PU did 

not show a significant association with ATU when modeled 

independently, integrating PU and PEU into a single 

construct, PU-E, resulted in stronger and more coherent 

relationships, suggesting that students evaluate AI chatbots 

based on their overall interaction experience. 

Theoretically, this study contributes to the literature by 

extending TAM by incorporating CT as a higher-order 

cognitive construct in the context of generative AI. 

Practically, the findings highlight the importance of 

designing AI-supported learning environments that actively 

foster students’ CT through structured activities such as 

prompting, verification, and reflective evaluation of 

AI-generated content. 

Despite these contributions, several limitations should be 

acknowledged. First, the sample was drawn from a single 

institutional context, which may limit generalizability. 

Second, the cross-sectional design restricts causal inference. 

Third, the model explains a relatively modest proportion of 

variance in CT, suggesting that additional antecedents (e.g., 

trust, perceived risk, and learning motivation) may be 

relevant. Future research should employ longitudinal or 

experimental designs and include more diverse samples to 

further validate and extend these findings. Overall, the 
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findings underscore the importance of integrating 

higher-order cognitive dimensions into models of technology 

acceptance in the era of generative AI. 

DECLARATION 

All participants provided informed consent by proceeding 

after reading a statement on the study’s purpose, anonymity, 

and voluntary nature of participation. 

CONFLICT OF INTEREST 

The authors declare no conflict of interest. 

AUTHOR CONTRIBUTIONS 

M.-D. T. N. conducted the data analysis and drafted the 

initial manuscript; D.-N. L. developed the methodology, 

validated the results, contributed to the original draft, 

performed manuscript revision, and supervised the study. All 

authors have read and approved the final manuscript. 

REFERENCES 

[1] C. K. Y. Chan and W. Hu, “Students’ voices on generative AI: 
perceptions, benefits, and challenges in higher education,” 

International Journal of Educational Technology in Higher Education, 

vol. 20, no. 1, 43, 2023. doi: 10.1186/s41239-023-00411-8 
[2] R. Michel-Villarreal, E. Vilalta-Perdomo, D. E. Salinas-Navarro, R. 

Thierry-Aguilera, and F. S. Gerardou, “Challenges and opportunities 
of generative AI for higher education as explained by ChatGPT,” 

Education Sciences, vol. 13, no. 9, 856, 2023.  

doi: 10.3390/educsci13090856 
[3] C. Stöhr, A. W. Ou, and H. Malmström, “Perceptions and usage of AI 

chatbots among students in higher education across genders, academic 
levels and fields of study,” Computers and Education: Artificial 

Intelligence, vol. 7, 100259, 2024. doi: 10.1016/j.caeai.2024.100259 

[4] A. Salido et al., “Integrating critical thinking and artificial intelligence 
in higher education: A bibliometric and systematic review of skills and 

strategies,” Social Sciences & Humanities Open, vol. 12, 101924, 
2025. doi: 10.1016/j.ssaho.2025.101924 

[5] T. C. T. Thai, “Preservice English teachers’ attitudes and expectations 

toward ChatGPT: A case study at Hanoi National University of 
Education,” Vietnam Journal of Educational Sciences, vol. 23, no. 10, 

pp. 51–56, 2023. 
[6] J. Chen et al., “A systematic review of user attitudes toward GenAI: 

Influencing factors and industry perspectives,” J Intell, vol. 13, no. 7, 

2025. doi: 10.3390/jintelligence13070078 
[7] K. Z. Gajos and L. Mamykina, “Do people engage cognitively with AI? 

Impact of AI assistance on incidental learning,” presented at the 27th 
International Conference on Intelligent User Interfaces, Helsinki, 

Finland, 2022. doi: 10.1145/3490099.3511138 

[8] Z. Slimi, A. Benayoune, and A. E. Alemu, “Students’ perceptions of 
artificial intelligence integration in higher education.,” European 

Journal of Educational Research, vol. 14, no. 2, pp. 471–484, 2025. 
doi: 10.12973/eu-jer.14.2.471 

[9] C. Kurniawan and P. S. Hendratno, “Analyzing the impact of AI text 

generators on learning styles, technological dependency, and critical 
thinking among accounting students,” International Journal of 

Information and Education Technology, vol. 15, no. 11,  
pp. 2465–2475, 2025. doi: 10.18178/ijiet.2025.15.11.2442 

[10] L. T. Cung, U. P. T. Hoang, A. N. Dinh, and T. H. Bui, “University 

students’ perceptions of AI application in writing skills in Vietnam: A 
systematic review,” Vietnam Journal of Educational Sciences, vol. 9, 

no. 2, pp. 325–334, 2025. doi: 10.52296/vje.2025.533 
[11] A. Essien, B. O. Teslim, O. D. Xianghan, and M. and Kremantzis, “The 

influence of AI text generators on critical thinking skills in UK 

business schools,” Studies in Higher Education, vol. 49, no. 5,  
pp. 865–882, 2024. doi: 10.1080/03075079.2024.2316881 

[12] O. L. Liu, L. Mao, L. Frankel, and J. Xu, “Assessing critical thinking in 
higher education: The HEIghten™ approach and preliminary validity 

evidence,” Assessment & Evaluation in Higher Education, vol. 41,  

no. 5, pp. 677–694, 2016. doi: 10.1080/02602938.2016.1168358 
[13] B. Z. Larson, C. Moser, A. Caza, K. Muehlfeld, and L. A. Colombo, 

“Critical thinking in the age of generative AI,” Academy of 

Management Learning & Education, vol. 23, no. 3, pp. 373–378, 2024. 

doi: 10.5465/amle.2024.0338 
[14] R. Luckin, W. Holmes, M. Griffiths, and L. B. Forcier, Intelligence 

Unleashed: An Argument for AI in Education, Person, 2016.  

[15] M. S. Sitepu et al., “Mapping and exploring strategies to enhance 

critical thinking in the artificial intelligence era: A bibliometric and 

systematic review,” European Journal of Educational Research,  
vol. 15, no. 1, pp. 305–322, 2026. doi: 10.12973/eu-jer.15.1.305 

[16] Darwin, D. Rusdin, N. Mukminatien, N. Suryati, E. D. Laksmi, and 
Marzuki, “Critical thinking in the AI era: An exploration of EFL 

students’ perceptions, benefits, and limitations,” Cogent Education, 

vol. 11, no. 1, 2290342, 2024. doi: 10.1080/2331186X.2023.2290342 
[17] M. K. Rahman, N. A. Ismail, M. A. Hossain, and M. S. Hossen, 

“Students’ mindset to adopt AI chatbots for effectiveness of online 
learning in higher education,” Future Business Journal, vol. 11, no. 1, 

30, 2025. doi: 10.1186/s43093-025-00459-0 

[18] F. D. Davis, “Perceived usefulness, perceived ease of use, and user 
acceptance of information technology,” MIS Quarterly, vol. 13, no. 3, 

pp. 319–340, 1989. doi: 10.2307/249008 
[19] Y. Han, S. Yang, S. Han, W. He, S. Bao, and J. Kong, “Exploring the 

relationship among technology acceptance, learner engagement and 

critical thinking in the Chinese college-level EFL context,”  
Education and Information Technologies, 2025.  

doi: 10.1007/s10639-025-13375-1 

[20] J. R. Cano and N. A. Nunez, “Unlocking innovation: how enjoyment 

drives GenAI use in higher education,” Frontiers in Education, 2024. 

doi: 10.3389/feduc.2024.1483853 
[21] A. Granić and N. Marangunić, “Technology acceptance model in 

educational context: A systematic literature review,” British Journal of 
Educational Technology, vol. 50, no. 5, pp. 2572–2593, 2019.  

doi: 10.1111/bjet.12864 

[22] S. Weerasinghe and M. Hindagolla, “Technology acceptance model in 
the domains of LIS and education: A review of selected literature,” 

Library Philosophy & Practice (e-Journal), vol. 1582, pp. 1–26, 2017. 
[23] I. Ajzen, “The theory of planned behavior,” Organizational Behavior 

and Human Decision Processes, vol. 50, no. 2, pp. 179–211, 1991. 

[24] H. Đ. L. Thuy and H. T. Tuong, “Intergrating Theory of Planned 
Behaviour (TPB) and Technology Accepted Model (TAM) in 

proposing analytical framework of learner behaviour towards 
e-learning during the COVID-19 pandemic in Vietnam,” TNU Journal 

of Science and Technology, vol. 225, no. 07, pp. 549–556, 2020. 

[25] L. T. H. Lan, “Applying the technology acceptance model to study 
students’ behavioral intention toward online learning at Dong Nai 

University in the context of the COVID-19 pandemic,” Vietnam 
Journal of Educational Sciences, vol. 22, no. 3, pp. 36–41, 2022. 

[26] C. Y. Lai, K. Y. Cheung, and C. S. Chan, “Exploring the role of 

intrinsic motivation in ChatGPT adoption to support active learning: 
An extension of the technology acceptance model,” Computers and 

Education: Artificial Intelligence, vol. 5, 100178, 2023.  
doi: 10.1016/j.caeai.2023.100178 

[27] J. Sun, Q. Wu, Z. Ma, W. Zheng, and Y. Hu, “Understanding 

pre-service teachers’ acceptance of generative artificial intelligence: 
An extended technology acceptance model approach,” Educational 

technology research and development, vol. 73, no. 4, pp. 1975–1997, 
2025. doi: 10.1007/s11423-025-10495-w 

[28] A. Strzelecki, “Students’ acceptance of ChatGPT in higher education: 

An extended unified theory of acceptance and use of technology,” 
Innovative Higher Education, vol. 49, no. 2, pp. 223–245, 2024.  

doi: 10.1007/s10755-023-09686-1 
[29] C. W. Okonkwo and A. Ade-Ibijola, “Chatbots applications in 

education: A systematic review,” Computers and Education: Artificial 

Intelligence, vol. 2, 100033, 2021. doi: 10.1016/j.caeai.2021.100033 
[30] Y. K. Dwivedi et al., “Opinion paper: “So what if ChatGPT wrote it?” 

Multidisciplinary perspectives on opportunities, challenges and 
implications of generative conversational AI for research, practice and 

policy,” International Journal of Information Management, vol. 71, 

102642, 2023. doi: 10.1016/j.ijinfomgt.2023.102642 
[31] E. Kasneci et al., “ChatGPT for good? On opportunities and challenges 

of large language models for education,” Learning and Individual 
Differences, vol. 103, 102274, 2023. doi: 10.1016/j.lindif.2023.102274 

[32] R. Suriano, A. Plebe, A. Acciai, and R. A. Fabio, “Student interaction 

with ChatGPT can promote complex critical thinking skills,”  
Learning and Instruction, vol. 95, 102011, 2025.  

doi: 10.1016/j.learninstruc.2024.102011 

[33] A. Alshamy, A. S. Al-Harthi, and S. Abdullah, “Perceptions of 
generative AI tools in higher education: Insights from students and 

academics at Sultan Qaboos University,” Education Sciences, vol. 15, 
no. 4, 501, 2025. doi: 10.3390/educsci15040501 

[34] H. P. Lee et al., “The impact of generative AI on critical thinking: 

Self-reported reductions in cognitive effort and confidence effects from 



  

 

 

 

 
 

 
  

 

  
  

 
 

 

  
 

 
 

 
 

 
 

 
 

 
 

 
 

 

 
 

 
 

 
 

  
 

 
 

 
 

 

  
 

 
 

 
 

 
 

 
  

 

 
 

  
 

 
 

 
 

 

 
 

 
 

International Journal of Information and Education Technology, Vol. 16, No. 8, 2026

2209

  

a survey of knowledge workers,” in Proc. the 2025 CHI Conference on 

Human Factors in Computing Systems, 1121, 2025.  
doi: 10.1145/3706598.3713778 

[35] Y. Walter, “Embracing the future of Artificial Intelligence in the 

classroom: the relevance of AI literacy, prompt engineering, and 

critical thinking in modern education,” International Journal of 

Educational Technology in Higher Education, vol. 21, no. 1, 15, 2024. 
doi: 10.1186/s41239-024-00448-3 

[36] L. Chen, P. Chen, and Z. Lin, “Artificial intelligence in education: A 
review,” IEEE Access, vol. 8, pp. 75264–75278, 2020.  

doi: 10.1109/ACCESS.2020.2988510 

[37] V. Venkatesh, M. Morris, G. Davis, and F. Davis, “User acceptance of 
information technology: Toward a unified view,” MIS Quarterly,  

vol. 27, pp. 425–478, 2003. doi: 10.2307/30036540 
[38] E. Esiyok, G. Sahin, and K. G. Kucukergin, “Acceptance of 

educational use of AI chatbots in the context of self-directed learning 

with technology and ICT self-efficacy of undergraduate students,” 
International Journal of Human–Computer Interaction, vol. 41, no. 1, 

pp. 641–650, 2024. doi: 10.1080/10447318.2024.2303557 
[39] G. Nguyen, N. Nguyen, and N. T. H. Giang, “Situation and proposals 

for implementing artificial intelligence-based instructional technology 

in Vietnamese secondary schools,” International Journal of Emerging 
Technologies in Learning (iJET), vol. 17, no. 18, pp. pp. 53–75, 2022. 

doi: 10.3991/ijet.v17i18.31503 

[40] M. Pan, C. Lai, and K. Guo, “Effects of GenAI-empowered interactive 

support on university EFL students’ self-regulated strategy use and 

engagement in reading,” The Internet and Higher Education, vol. 65, 
100991, 2025. doi: 10.1016/j.iheduc.2024.100991 

[41] G. Berg and E. Plessis, “ChatGPT and generative AI: Possibilities for 
its contribution to lesson planning, critical thinking and openness in 

teacher education,” Education Sciences, vol. 13, no. 10, 2023.  

doi: 10.3390/educsci13100998 
[42] N. T. Giang, P. X. Quang, and D. H. Tham, “The situation of 8th course 

students’ critical thinking skill in learning activities at Education 
Faculty, National Academy of Education Management,” Journal of 

Education Management, vol. 9, no. 9, pp. 89–94, 2017. 

[43] L. T. Hang, N. H. Vy, L. Đ. H. Thọ, N. K. Vy, T. H. Anh, and L. T. X. 
Sang, “The influence of Vietnamese culture on the critical thinking 

abilities of undergraduates in Ho Chi Minh City,” FTU Working Paper 
Series, vol. 1, no. 2, pp. 195–207, 2022. 

[44] T. M. Ngo and A. T. H. Vo, “Influence of critical thinking and 

problem-solving skills on the academic results of students of college of 
economics—Can Tho University,” HCMCOU Journal of Science - 

Social Sciences, vol. 17, no. 1, pp. 50–64, 2022.  
doi: 10.46223/HCMCOUJS.soci.vi.17.1.2190.2022 

[45] V. V. Ban and N. B. Quan, “Cultivating critical thinking among 

university students in the context of higher education,” HCMUE 
Journal of Science, vol. 14, no. 7, 125, 2017. 

[46] Đ. T. Q. Ha, “Developing critical thinking for students in higher 
education institutions,” Vietnam Journal of Educational Sciences,  

vol. 20, no. 1, pp. 20–25, 2024. 

[47] O. M. Obiwuru, “Impacts of AI-chatbots usage on the knowledge 
construction and critical reasoning of university students,” Doctoral 

dissertation, Malmö University, 2024.  
[48] N. Kock and P. Hadaya, “Minimum sample size estimation in 

PLS-SEM: The inverse square root and gamma-exponential methods,” 

Information Systems Journal, vol. 28, no. 1, pp. 227–261, 2018.  

doi: 10.1111/isj.12131 
[49] J. Hair, W. Black, B. Babin, and R. Anderson, Multivariate Data 

Analysis: A Global Perspective, Pearson Education, Upper Saddle 

River, New Jork, American, 2010.  

[50] J. F. Hair, J. J. Risher, M. Sarstedt, and C. M. Ringle, “When to use and 

how to report the results of PLS-SEM,” European Business Review, 
vol. 31, no. 1, pp. 2–24, 2019. doi: 10.1108/EBR-11-2018-0203 

[51] C. Fornell and D. F. Larcker, “Evaluating structural equation models 
with unobservable variables and measurement error,” Journal of 

Marketing Research, vol. 18, no. 1, pp. 39–50, 1981.  

doi: 10.1177/002224378101800104 
[52] J. Henseler, C. M. Ringle, and M. Sarstedt, “A new criterion for 

assessing discriminant validity in variance-based structural equation 
modeling,” Journal of the Academy of Marketing Science, vol. 43,  

no. 1, pp. 115–135, 2015. doi: 10.1007/s11747-014-0403-8 

[53] G. Franke and M. Sarstedt, “Heuristics versus statistics in discriminant 
validity testing: a comparison of four procedures,” Internet Research, 

vol. 29, no. 3, pp. 430–447, 2019. doi: 10.1108/IntR-12-2017-0515 
[54] J. F. Hair, G. T. M. Hult, C. M. Ringle, M. Sarstedt, N. P. Danks, and S. 

Ray, A Primer on Partial Least Squares Structural Equation Modeling 

(PLS-SEM), Third Edition, SAGE Publications, 2021.  
[55] H. Achmadi, K. S. Suk, and D. O. Kim Kui, “From literacy to 

intention: The mediating role of perceived usefulness in AI adoption 

behavior,” Advances in Consumer Research, vol. 2, no. 5,  

pp. 1601–1611, 2025. 

[56] J. Ratniyom, W. Panmas, P. Rattanakorn, and S. Tientongdee, 
“Generative AI-assisted phenomenon-based learning: Exploring 

factors influencing competency in constructing scientific 
explanations,” European Journal of Educational Research, vol. 14,  

no. 4, pp. 1087–1103, 2025. doi: 10.12973/eu-jer.14.4.1087 

[57] M. Faraon, K. Rönkkö, M. Milrad, and E. Tsui, “International 
perspectives on artificial intelligence in higher education: An 

explorative study of students’ intention to use ChatGPT across the 
Nordic countries and the USA,” Education and Information 

Technologies, 2025. doi: 10.1007/s10639-025-13492-x 

[58] K. Mathieson, “Predicting user intentions: Comparing the technology 
acceptance model with the theory of planned behavior,” Info. Sys. 

Research, vol. 2, no. 3, pp. 173–191, 1991. doi: 10.1287/isre.2.3.173 
[59] Government of Vietnam, Decision No. 127/QĐ-TTg Dated January 

26, 2021 Approving the National Strategy on Research, Development, 

and Application of Artificial Intelligence to 2030, 2021  
[60] Ministry of Education and Training, Circular No. 02/2025/TT-BGDĐT 

on the Issuance of the Digital Competence Framework for Learners, 
2025. 

[61] Ministry of Education and Training, Decision No. 3439/QD-BGDĐT 

Promulgating the Framework for Piloting Artificial Intelligence (AI) 
Education for High School Students, 2025.  

 

Copyright © 2026 by the authors. This is an open access article distributed 

under the Creative Commons Attribution License which permits unrestricted 

use, distribution, and reproduction in any medium, provided the original 
work is properly cited (CC BY 4.0). 

 

 
 

https://creativecommons.org/licenses/by/4.0/

	IJIET-V16N8-2679-IJIET-20755



