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Abstract

Literature on educational technology has highlighted the roles of AI in 
personalizing students’ learning and the relationship between learners’ 
acceptance of technology use and their academic self-efficacy beliefs, 
both of which contribute to enhancing academic achievement. ChatGPT, 
a generative language model recently developed by OpenAI, offers 
opportunities and poses challenges for education. However, limited 
research has examined how students use ChatGPT to support their 
personalized learning and the impact of their acceptance of ChatGPT on 
students’ academic self-efficacy. This study investigated Vietnamese 
undergraduates’ use of ChatGPT for their personalized learning. It 
examined the effects of their acceptance of ChatGPT on their academic 
self-efficacy at a private university in Vietnam. Results from the surveys 
and interviews indicated that students used ChatGPT to explain and 
summarize information, answer questions, provide feedback, create 
texts, and write code. Furthermore, students’ perceived usefulness of 
ChatGPT did not directly affect their academic self-efficacy. Instead, 
students’ perceived ease of use and usefulness of ChatGPT indirectly 
affected students’ academic self-efficacy through students’ attitudes 
toward ChatGPT. These results suggest improving students’ attitudes is 
critical for strengthening students’ academic self-efficacy in ChatGPT-
mediated learning. The study recommends providing structured guidance 
on using ChatGPT effectively and ethically, which aligns with Vietnam’s 
2025 framework of digital competence for learners. 

INTRODUCTION

Chat Generative Pre-trained Transformer (GPT) is an artificial intelligence (AI) chatbot 
developed by OpenAI and launched in November 2022 (Liebrenz et al., 2023). Current research 
has confirmed these educational benefits of ChatGPT, such as providing information across 
various fields, offering timely feedback and generating ideas for writing (Ngo, 2023), as well 
as supporting students’ personalized learning (Firat, 2023; Liu & Ma, 2023; Ngo, 2023). Anders 
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(2023) further proposed several ways that students can use ChatGPT to support their learning, 
including answering questions, summarizing and explaining information, creating texts, giving 
feedback, and writing code.

Despite these advantages, several concerns has been raised regarding reliable sources, the 
appropriate use of idiomatic expressions (Ngo, 2023), academic integrity (Firat, 2023), the 
potential disruption learning process (Rudolph et al., 2023) and even the dehumanization of 
AI (Chomsky et al., 2023; Rudolph et al., 2023). Nevertheless, ChatGPT has attracted 
considerable number of users (Menon & Shilpa, 2023). Although its adoption is widespread, 
policies and institutional guidelines for pedagogical use of generative AI (GenAI) remain 
limited. For example, An et al. (2025) found that 42% of 50 investigated universities in the 
United States had established guidelines for students, and only 12 universities recommended 
students check syllabi and consult their instructors before using such tools. Similarly, Evangelista 
(2025) conducted a systematic review of 76 articles and suggested the urgent need to have a 
guideline for ethical AI use, together with comprehensive training for both educators and 
students. These findings indicate that while GenAI tools such as ChatGPT have been widely 
implemented in education, the consistent guidelines and policies have not yet to be standardized.

In Vietnam, the Ministry of Education and Training (MOET) issued the Digital Competence 
Framework for Learners via Circular No. 02/2025/TT-BGDDT in January 2025. The framework 
emphasizes the integration of AI tools into learning activities, the responsible use and ability 
to evaluate AI-generated output (MOET, 2025). This initiative signals that Vietnam is moving 
forward structured and policy-driven guidance on AI in education. 

Existing studies in the Vietnamese context have revealed diverse findings. Empirical studies 
on ChatGPT highlight  students’ positive attitudes toward the tool for their learning (Le & Tran, 
2024; Ngo, 2023), their intention to use it in the future (Le & Tran, 2024), the tool’s limitations 
(Vo & Nguyen, 2024), its impacts on students’ performance (Tran & Duong, 2024) and students’ 
purposes of using ChatGPT (Nguyen, 2024). However, research on students leveraging ChatGPT 
for personalized learning remains limited in Vietnam prior to the introduction of the 2025 
Digital Competence Framework for Learners.

Zimmerman (2018) argued that successful personalized learning allows students to enhance 
their self-efficacy. Current experimental research on ChatGPT (e.g., R. Yilmaz & Yilmaz, 2023) 
and other types of chatbots (e.g., Lee et al., 2022) have indicated that chatbot technology can 
enhance students’ academic self-efficacy, which refers to a learner’s judgement about his or 
her ability to successfully accomplish academic goals (Bandura, 1997; Elias & MacDonald, 
2007). Bouzar et al. (2024) explained that self-efficacy could be developed through automatic 
feedback and a sense of achievement gained from using ChatGPT. In line with this, prior 
research in educational technology has shown that the nature of the technological devices 
perceived by students could have impacts on their academic self-efficacy (Granić & Marangunić, 
2019). Additionally, students’ attitudes toward technology in learning also played a role in 
shaping their academic self-efficacy (Regatto-Bonifaz & Viteri-Miranda, 2023; Ünal et al., 2019). 
Likewise, perceived usefulness and attitude from the Technology Acceptance Model (TAM) 
have been found to have a relationship with students’ confidence in their academic capabilities 
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(e.g., Hanham et al., 2021; Regatto-Bonifaz & Viteri-Miranda, 2023). In the scope of this study, 
other external factors of extended TAM such as social influence and facilitating conditions, 
have not been examined. This is because at the time this research was conducted, there was 
limited or no clear guidance on the use of ChatGPT for learning. This lack of institutional 
direction might have constrained the ability of external factors to effectively support students 
in the use of the tool.

Therefore, this study focuses on the three core concepts of the original TAM, including 
perceived ease of use (PEU), perceived usefulness (PU), and attitudes toward technology 
(ATT), and their impacts on students’ academic self-efficacy (ASE). This study aims to address 
the following questions:

1. In what ways did the participants use ChatGPT for personalized learning?
2. To what extent did the participants’ acceptance of ChatGPT impact on their academic self- 
     efficacy?

By addressing these questions, this study aims to help educators and policymakers 
understand students’ ChatGPT-mediated learning practices as well as the impact of their 
ChatGPT acceptance on their academic self-efficacy. These insights would encourage them to 
develop effective strategies to integrate ChatGPT into educational settings for effective and 
responsible use, potentially enhancing students’ learning experiences and outcomes.

LITERATURE REVIEW

Personalized learning and its benefits

Personalized learning, as defined by the United States National Education Technology Plan 
2017 (cited in Xie et al., 2019), emphasizes tailoring the pace of learning and instructional 
approaches to meet the individual needs of each learner. In addition, it involves incorporating 
meaningful and relevant learning activities driven by the learners' interests and often initiated 
by the learners themselves. In other words, personalized learning involves creating learning 
experiences that accommodate individual learners' unique characteristics and preferences. 

Personalized learning has been shown to benefit students’ academic performance. Zhang et al. 
(2020) systematically identified and synthesized 71 empirical studies on implementing 
personalized learning between 2006 and 2019. The findings showed that personalized learning 
could improve students’ learning outcomes and engagement toward learning, while some 
studies reported non-significant impacts on learning outcomes. Off the benefits, enhancing 
self-efficacy by personalized learning environment is also investigated by several studies. For 
example, Hall et al. (2019) conducted a mixed-method study involving 344 teachers engaged 
in personalized training of ICT integration in PreK-12 classrooms. They concluded that the 
personalized training program improved the teachers’ self-efficacy in using technology in the 
classroom. Likewise, Guyah et al. (2021) used a quasi-experimental method with pretest and 
posttest control group design involving 143 chemistry students in Nigeria. The results revealed 
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that students in the experimental group, who experienced personalized learning instructional 
strategies, demonstrated a higher level of self-efficacy. 

The relationship between AI technology and personalized learning

AI technology has been considered a means to promote personalized learning environments. 
Xie et al. (2019) reviewed 70 articles from six Social Sciences Citation Index journals in 
educational technology from 2007 to 2017. They found that most of the studies on personalized 
learning focused on traditional computer devices, with only a few studies shedding light on 
the role of smart devices. In addition, they identified the rapid development of AI as a significant 
opportunity for personalized learning on smart devices. In the same vein, Li and Wong (2021) 
emphasized the significance of technology in personalization of learning by reviewing 203 
Scopus-indexed journal papers published from 2001 to 2018. A more recent study conducted 
by Al-Badi and Khan (2022) on 91 learners and instructors at a higher education institution in 
Oman, using Independent-Samples Mann-Whitney U Test and Independent-Krushkal-Wallis 
Test. The results revealed that these participants had positive attitudes toward AI in personalized 
learning. The authors explained that the algorithms analyzed data collected from individual 
learners’ assessments, interactions, and learning behaviors to provide personalized content, 
activities, feedback, and ongoing assessments based on their needs. 

Likewise, Pratama et al. (2023) conducted a qualitative descriptive method with a triangulated 
approach by utilizing questionnaires, interviews, observations and document analysis to collect 
data from 29 educational technology students at Indonesian Christian University of Toraja. 
They found that AI could serve as a virtual tutor to provide personal guidance for learners with 
lower proficiency levels outside the classroom. Its ability to give supplementary materials, 
exercises, and proper feedback helped learners deepen their insight into a specific topic. 
Therefore, students could use the system to answer their questions, explain something they 
need, and have a wide range of resources. In general,  AI technology can optimize personalized 
learning in ways that are difficult for educators to achieve due to their inherent limitations 
such as time constraints and limited availability (Limo et al., 2023; van der Vorst & Jelicic, 2019).

ChatGPT, as an AI tool trained on vast amounts of data,  can effectively address students’ needs 
for personalized learning by understanding the context of conversations (Limo et al., 2023). 
Focusing on personalized learning, Atlas (2023), in his online book, highlights three ways 
ChatGPT can support students, including providing feedback on their performance, delivering 
materials tailored to their interests and preferences, and offering instruction adapted to their 
unique learning styles. In this regard, learning with ChatGPT as a tutor allows students  to 
progress at their own pace (Su & Yang, 2023), thereby facilitating successful personalized 
learning (Agbong-Coates, 2024).

A recent study conducted by Limo et al. (2023) involving 287 undergraduate and graduate 
students at the University of Lima revealed that 68.8 percent of participants reported using 
ChatGPT for personalized learning. The study also found that ChatGPT encouraged students to 
take greater responsibility for their learning by asking questions, receiving personal responses, 
and accessing additional materials. However, personalizing learning with ChatGPT also presents 
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challenges, including concerns about privacy and bias (Ayeni et al., 2024), negative impacts 
on students’ critical thinking (Ibrahim et al., 2023), incorrect responses (Xu et al., 2024), and 
the loss of human interaction (Bauer et al., 2018; Sana et al., 2013; Xu et al., 2024). 

Despite these challenges, ChatGPT is considered a game changer in personalizing learning and 
has been widely used by Vietnamese students since its emergence. Research on ChatGPT in 
the Vietnamese context has primarily focused on students’ perceptions of its advantages and 
disadvantages (Ngo, 2023; Pham & Le, 2024), factors influencing students’ intention to use  
ChatGPT (Le & Tran, 2024; Vo & Nguyen, 2024), and the impacts of ChatGPT on students’ 
performance (Tran & Duong, 2024) and students’ use of ChatGPT for both academic and other 
work-related purposes (Nguyen, 2024). However, there is limited research shedding light on 
the specific functions of ChatGPT utilized by students to support their learning in the current 
context. Addressing this gap, the present study aims to understand how Vietnamese students 
engage with ChatGPT’s affordances, particularly the functions they employ to support their 
learning.

Technology acceptance constructs

This study adopts the original Technology Acceptance Model (TAM), focusing on its core 
constructs, perceived usefulness (PU), perceived ease of use (PEU), and attitudes toward 
technology (ATT) to examine the impact of students’ ChatGPT acceptance on their academic 
self-efficacy (ASE) in personalized learning. External factors such as social influence and 
facilitating conditions were excluded because the use of ChatGPT in this context was largely 
self-initiated and unguided, with no institutional or instructional guidance. Building on this 
framework, the study defined PU, PEU, and ATT following the Technology Acceptance Model 
(Davis, 1989). PU refers to the belief that using a particular technology will improve user’s 
efficiency and effectiveness (Davis, 1989). PEU pertains to users’ opinions regarding how much 
effort will be needed to learn and operate a specific technology (Davis, 1989). In the TAM 
framework, PEU influences PU, meaning that if users find the technology easy to use, they are 
more likely to perceive it as useful. Both PU and PEU subsequently influence ATT towards 
using the technology, the third construct in the original model. These constructs are internal 
factors that shape how students perceive technology (Scherer & Teo, 2019) and influence 
their intention to  use it.

Initially, the key factors PU and PEU were considered to be directly influenced by the 
characteristics of the system (Granić & Marangunić, 2019). Over time, numerous external 
factors have been identified, leading to the extensions of the TAM, such as TAM2 and TAM3. 
These models introduced social and organizational variables (e.g., subjective norms, experience, 
and facilitating conditions) that affect technology adoption. Although external factors play a 
significant role in shaping students’ acceptance of technology, they primarily have indirect 
effects by influencing either PEU or PU within the model. Another extension of TAM is the 
Unified Theory of Acceptance and Use of Technology (UTAUT). According to this model, social 
influence (e.g., peers, and teachers), facilitating conditions for effective use of new technology 
described as external conditions (Venkatesh et al., 2003), together with  effort expectancy and 
performance expectancy, which correspond to PU and PE in earlier versions of TAM, influence 
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users’ behavioral intension and use behavior. In the current research, external factors such as 
social influences and facilitating conditions have not been explored because the use of ChatGPT 
in the context can be considered as self-initiated and unguided. Therefore, these external 
influences might not be qualified enough for providing effective support for efficient ChatGPT 
use. Therefore, this study exclusively focused on the internal factors from the original TAM 
model, referred to as “validity and simplicity” (Yang et al., 2024, p. 6), which aligns with 
several current research studies on ChatGPT acceptance in Vietnam and the world (e.g., Le & 
Tran, 2024; Liu & Ma, 2023; Vo & Nguyen, 2024; Zou & Huang, 2023). 

Academic self-efficacy 

Academic self-efficacy (ASE) refers to an individual’s judgment of his or her ability to 
accomplish a desired outcome, such as achieving educational goals (Bandura, 1997; Elias & 
MacDonald, 2007). Research suggests that students with high self-efficacy are often more 
motivated to take action since they tend to put greater effort and show determination in 
solving tasks, usually opting for more challenging ones (Hanham et al., 2021). Besides, numerous 
studies have established a significant relationship between self-efficacy beliefs and academic 
achievement (Meng & Zhang, 2023; Talsma et al., 2018; Travis et al., 2020; Yokoyama, 2019). 
These findings indicate that students’ confidence in their capacities significantly affect their 
academic success. In other words, students with a higher sense of self-efficacy tend to learn 
more confidently and solve academic tasks more effectively, thereby improving their academic 
performance. Therefore, gaining insight into ASE is crucial, as students’ perception of their 
self-efficacy in completing a task can foster their active engagement with the task, eventually 
shaping their ability to attain desired outcomes (Bandura, 1997). 

The relationship between AI chatbots and students’ ASE

Parsakia (2023) indicated that ChatGPT significantly affects academic self-efficacy due to its 
ability to provide immediate feedback, facilitate personalized learning, and enhance a sense 
of achievement and competence. Current research has highlighted the significant role of AI 
chatbots in promoting students’ learning self-efficacy. Particularly, Lee et al. (2022) conducted a 
quasi-experimental study on 20 students in a control group and 18 students in an experimental 
group at a university in Taiwan. The latter group used AI based chatbots for post-class reviews 
in public health courses. Comparing the data from the two groups, they found that using 
AI-based chatbots improved students’ self-efficacy. Similarly, Chang et al. (2022)  carried out 
the study with a quasi-experimental design with two groups of 36 university nursing students 
from northern Taiwan and found that the students’ self-efficacy in the experimental group, 
which employed the mobile chatbot for their learning, demonstrated significant improvements 
in self-efficacy. These results align with Yilmaz et al. (2023), who investigated 45 undergraduate 
students in a programming course, using an experimental design. The findings indicated that 
ChatGPT enhanced students’ programming self-efficacy by supporting the coding process. 
However, due to its natural limitation of small sample size and the five-week duration, its 
findings require further investigation in different contexts to confirm generalizability. In the 
same vein, Urban et al. (2024) examined two groups, including one group with 77 university 
students using ChatGPT to complete tasks and another group of 68 students who worked 
without it. They found that ChatGPT significantly improved students’ self-efficacy in task-solving.
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While most of these studies demonstrate the positive influence of AI chatbots on students’ 
self-efficacy, other evidence suggests that satisfaction with chatbot use may be a more decisive 
factor for enhancing academic self-efficacy than frequency of use. In a quantitative cross- 
sectional correlation study, Yildiz-Durak (2023) examined 86 university in Turkey who used a 
chatbot created through the Flow XO environment, a platform that enables the creation of 
conversational agents that support user engagement and communication across multiple 
digital and social platforms. The chatbot was primarily used to study visual design and 
hexadecimal color codes. Based on the questionnaire developed through a conceptual 
framework, the study found that students satisfied with chatbot usage tended to have higher 
visual design self-efficacy. However, the frequency of chatbot use alone did not enhance 
self-efficacy. This finding implies that students’ emotional engagement with chatbot tools may 
be more critical for building academic self-efficacy than merely exposure. It also highlights the 
importance of learners’ positive attitudes and meaningful interaction with AI tools.

The relationships among the constructs PEU, PU, ATT and ASE

The relationships among the constructs PEU, PU, and ATT have been well established through 
TAM proposed by Davis (1989). When a technology is easy to use, it enables students to 
perceive its usefulness more effectively. Both PU and PEU directly influence users’ attitudes. 
The easier and more useful the technology is, the more positive attitudes students are likely 
to develop toward it. This relationship was confirmed by Le and Tran (2024), who identified 
these constructs as influential factors of behavioral intention. Similarly, Liu and Ma (2023) 
conducted a cross-sectional study with 405 EFL learners and validated the TAM model. The 
findings showed that PEU positively and significantly influenced PU, and PU directly affected 
students’ ATT. In addition, PEU indirectly influenced students’ ATT, a finding also supported by 
Tiwari et al. (2024), who investigated factors influencing students’ use of ChatGPT. Interestingly, 
this finding contrasts with the original TAM model developed by Davis (1989), which indicated 
a direct effect of PEU on ATT. Based on this divergence, we hypothesized that: 

(1) Students’ PEU of ChatGPT affects their PU. 
(2) Students’ PEU of ChatGPT affects their ATT.
(3) Students’ PU of ChatGPT affects their ATT.

Furthermore, previous research on technology acceptance has also shown a relationship 
between PU and students’ ASE. Particularly, Hanham et al. (2021) carried out a study with 
365 undergraduate students from a university in Australia using CFA and SEM methods, and 
found that the PU of technology affected ASE through online tutoring. This result occurs because 
students not only gained a better understanding of concepts and fulfilled assignments but also 
received constructive feedback, which is considered vital for improving self-efficacy (Chan & 
Lam, 2010, cited in Hanham et al., 2021). Similarly, ChatGPT offers numerous functions to 
support learning, such as answering questions, explaining and summarizing information, and 
providing students with timely feedback. Therefore, based on these findings, we hypothesized 
that:

(4) Students’ PU of ChatGPT influences their ASE.
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The TAM model suggested that individuals’ beliefs, including PEU and PU, influence their ATT 
towards technology and behavioral intention to use it. Based on this model, ATT serves as a 
mediator between beliefs and actions. In the educational context, this implies that students’ 
positive ATT can increase their engagement in learning activities, promote deeper 
understanding and facilitate task completion, which in turn enhances their ASE. Research has 
also demonstrated the correlation between students’ ATT and their ASE, which means that a 
positive attitude would enhance academic self-efficacy and vice versa. For example, Ünal 
et al. (2019) used correlation analysis to examined the relationship between students’ 
attitudes towards ICT and their ASE among 249 Anatolian high school students in Istanbul 
across different grades. They found that students with positive attitudes toward ICT and media 
tools tend to have higher ASE and vice versa. Likewise, Regatto-Bonifaz and Viteri-Miranda 
(2023) conducted a non-experimental design of descriptive and cross sectional study with 
570 students (76% female, 24% male; mean age = 25.29), and found a significant correlation 
between  students’ ASE and ATT. In the context of ChatGPT, students with positive attitudes 
toward using this educational tool are more likely to employ it to support their learning, 
complete their assignments, and improve their understanding, which can, in turn, enhance 
their ASE. Therefore, the following hypothesis was proposed:

(5) Students’ ATT toward ChatGPT affects their ASE. 

From the previous studies, there is scant research exploring how the constructs PEU, PU, and 
ATT from TAM model effect on student’s ASE when using ChatGPT for their learning. Therefore, 
our current research aims to bridge the gaps by examining these relationships in the Vietnamese 
higher education context.

Figure 1 Research model (Adapted from TAM Model by Davis, 1989)  
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METHODOLOGY

Research method

In this study, the researchers applied two distinct research designs, each addressing a specific 
research question. To answer the first research question, a mixed-methods design was 
employed. Specifically, quantitative data on how students utilized ChatGPT for personalized 
learning were collected through a survey, while qualitative data providing further explanations 
of their usage were gathered through follow-up interviews. This approach enabled the collection 
of both quantitative and qualitative data, thereby reducing bias and subjectivity in  the analysis 
(Creswell, 2009).

To answer the second research question, a quantitative design was adopted to test the 
hypotheses concerning the effects of students’ acceptance of ChatGPT on their academic 
self-efficacy. This method was appropriate for testing theories or explanations, as recommended 
by Creswell and Creswell (2018), and was therefore considered suitable for addressing our 
research aim.

Participants

Among the 298 responses obtained from the questionnaire, 263 responses (88%) were qualified 
for data analysis. A total of 263 participants, including 135 females and 128 males, from a 
private university in the Mekong Delta participated in this study. They were between 18 and 
22 years old and came from different departments. The participants were recruited through 
a convenience sampling technique. They were approached on campus or in their classrooms, 
where the researchers presented the purpose of the study and invited them to complete the 
questionnaire. 

For the qualitative phrase, participants were randomly invited to interviews via Google Meet 
based on their responses to the final item of the questionnaire, which they were asked if they 
were willing to participate in a follow-up interview. This random selection ensured a diverse 
representation of perspectives. Ten participants were ultimately selected for interviews, 
following Lincoln et al.’s (1985) recommendation that sampling should continue until no 
new information is obtained, which is referred to as saturation in qualitative research. 

After conducting interviews with the first ten participants, their responses were becoming 
increasingly similar, suggesting that we had reached a point of redundancy. As a result, we 
decided to stop at ten participants, as this number provided sufficient data to answer the 
research questions. This decision is also supported by empirical evidence by Guest et al. 
(2006) who indicated that cored themes appear in the sixth interviews and Hennink and 
Kaiser’s (2022) systematic review revealed the acceptable range for saturation from 9 to 
17 interviewees. There were no specific characteristics required for participation. Still, the 
researchers aimed for a balanced selection of demographics (e.g., gender, age, academic 
background) to capture a broad range of experiences with ChatGPT in personalized learning. 
Before completing the questionnaire or partaking in the interview, the participants had to sign 
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consent forms. To protect participants’ anonymity, each was assigned a pseudonym during 
the interview process. The codenames under alphanumerical forms were assigned to each 
participant, following the guidelines by Heaton (2022). Although the researchers had previously 
taught a small number of first-year students, the semester had ended by the time the study 
was conducted, and they no longer held any direct authority or power over the participants. 
This process ensured that the participants could freely and voluntarily share their experiences 
without concern about any influence or pressure from us. At the time of the study, the participants 
had been using ChatGPT for at least three months. Table 1 presents detailed demographic 
information about the participants.

Table 1
Participant demographics

Research instruments 

The research instruments included a survey questionnaire and semi-structured interviews. 
The first section of the questionnaire gathered participants’ demographic information, while 
the second section contained items aimed at addressing the two research questions. 

Regarding the first research question, the questionnaire and semi-structured interviews were 
used to examine how participants used ChatGPT to support their personalized learning. This 
section included six items of the participants’ usage of ChatGPT (UChat). The researchers 
developed these questions based on the distinctive capacity of ChatGPT identified by Anders 
(2023). The items were rated on a six-point scale, a positively packed rating scale (Lam & 
Klockars, 1982), consisting of two negative choices (e.g., strongly disagree and mostly disagree) 
and four positive choices (slightly agree, moderately agree, mostly agree, and strongly agree). 
The researchers applied the positively packed structure because prior researchers (e.g., 
Brown, 2004; Lam & Klockars, 1982) demonstrated that such scale generated greater variance 
in responses, making the data more informative and improving discrimination among 
participants’ responses. Besides the questionnaire, two open-ended questions were used to 
further investigate how the participants use ChatGPT to support their personalized learning 
and their reasons for using it. These questions included (1) What did you use ChatGPT for in 
your learning? (2) Why did you use ChatGPT for this?
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In terms of the second research question, twelve items using the six-point scale from the validated 
questionnaires developed by Liu and Ma (2023) were adapted to measure constructs related 
to the TAM model, including PEU (4 items), PU (4 items), and ATT (4 items) (see Appendix 1). 
Apart from the 12 items, the five-item ASE from the Patterns of Adaptive Learning Scales 
developed by Midgley et al. (2000) were also adapted. These items have been proved to be 
effective in research related to university students (Elliot et al., 2011). The items were rated 
using a five-point ordinal scale. The participants rated the items based on their perceived 
truthfulness, with response options, including one (not at all true), two (slightly true), three 
(moderately true), four (mostly true), and five (very true) (see Appendix 2). The researchers 
translated the questionnaire independently and then compared the translated versions. In 
cases of discrepancies, they discussed until reaching an agreement on the final version.

Data collection and analysis  

An online questionnaire was sent to the participants via Google Forms. Prior to its 
administration, a pilot test with 45 students was conducted to examine the reliability of the 
questionnaire. The Cronbach’s alpha coefficients for all variables exceeded 0.6 and the 
correlated item–total correlations were over 0.3, indicating that the questionnaire was qualified 
to collect the data (Cresswell & Creswell, 2018). The Cronbach’s alphas of the variables are 
presented in Table 2.

Table 2
The Cronbach’s Alpha of each construct

For the quantitative data, SPSS version 25 was utilized to run descriptive data analysis to examine 
the respondents’ use of ChatGPT to support their learning. Additionally, the researchers 
employed the partial-least squares method of structural equation modeling using SmartPLS 
Version 4.9.0.5 to examine the effects of the Technology Acceptance Model constructs on ASE.

For the qualitative data, interviews were conducted via Google Meet at times and places 
convenient for the participants. This approach ensured that they were in comfortable settings, 
allowing them to share their experiences more freely, which helped us gather fruitful data. 
The interview lasted about 15 minutes to respect participants’ time and avoid interview 
fatigue, which can sometimes affect the quality of responses in longer sessions. Keeping the 
interview brief ensured participants could provide thoughtful and clear answers without 
feeling overwhelmed. Vietnamese, the participants’ mother tongue, was used during the 
interviews to ensure that students were at ease to share their experience. 

For the qualitative data analysis, a deductive thematic analysis following the six steps suggested 
by Braun and Clarke (2023) was employed to code the open-ended responses manually. Their 
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guidance was used to ensure that the analysis was careful, organized, and trustworthy. The 
coding process began by transcribing all interviews and reading them several times to get 
familiar with what participants said. Then, Anders’ (2023) six functional uses of ChatGPT, 
including explaining information, summarizing content, answering questions, receiving 
feedback, generating content, and writing code were adopted as the coding categories. While 
reading, useful phrases like “explain” or “clarify” were highlighted and assigned to the appropriate 
category. For example, one student said, “Whenever I was not quite sure to understand the 
lessons taught in my class, I got ChatGPT to explain it for me because I felt shy to ask my 
lecturers.” The researchers placed this under explaining information. After finishing coding, 
they grouped similar responses under each category and checked the transcripts again to 
ensure the themes accurately represented the data.

Several strategies to ensure the reliability of the qualitative data were applied. Firstly, the 
researchers employed inter-rater reliability to enhance the coding process. Each of the 
researchers coded the interview transcripts independently and compared the coding results 
together. Any discrepancies were reviewed and discussed until reaching agreement. This 
process helped minimize bias and strengthen the credibility of the findings. Secondly, the translated 
versions of the results were proofread by a colleague with over five years of experience in 
teaching translation courses to ensure accuracy and consistency.

RESULTS

Students’ usage of ChatGPT for their personalized learning

Table 3
The participants’ usage of ChatGPT for their personalized learning 

As seen in Table 3, the participants employed the various functions of ChatGPT for their 
personalized learning. The most common usage of ChatGPT was elaborating information 
(M = 4.94; SD = .947). The participants reported that they used ChatGPT to elaborate concepts 
from the coursebooks that they found it difficult to understand, translate terminological 
terms, or seek an explanation for the codes demonstrated by their lecturers. Particularly, they 
claimed that

	 Whenever I was not quite sure to understand the lessons taught in my class, I got  
	 ChatGPT to explain  for me because I felt shy to ask my lecturers. ID9

	 When I had homework, but I did not know how to deal with it, I asked ChatGPT to do  
	 it and explained the results for me. ID6
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	 When I did not understand the course books, I used ChatGPT immediately. It helped  
	 me explain the technical terms and summarize the content. For example, when studying  
	 the functions of small items of laptops or computers, it was hard for me to understand  
	 by reading books. In such case, I copied the content and pasted it on ChatGPT platform  
	 for its explanation. ID10

	 When I found it hard to understand lecturing slides or terms in the coursebooks that  
	 are so abstract for me to understand. I had ChatGPT explain and provide examples. 
	 ID3

Summarizing information was rated as the second popular usage (M = 4.82; SD = 1.054). For 
example, participant ID2 reported that 
	
	 I used it to respond to constructive questions on EN, an e-e-learning platform. I uploaded  
	 them and got Chat to provide answers [….] Then, I asked ChatGPT to condense the  
	 answers.

Apart from summarising information, the participants stated that they used ChatGPT to 
answer questions (M = 4.68; SD = 1.066). Students enjoyed using this tool for answering questions. 
For them, the answers of ChatGPT were sometimes relevant but sometimes were not good. 
To use this effectively, they focused on testing the quality of the answers. For example, 

	 ChatGPT was like an encyclopedia that could answer almost every question for me. It  
	 could provide the best answer. But to use it optimally for learning, I should also refer  
	 to other sources because there was a possibility that its answers sometimes were  
	 incorrect or outdated. ID5

	 When my lecturer posed a question that I could not address it, or when I searched on  
	 Google and still could not find the answer, I turned to ChatGPT. For example, I was  
	 studying a probability and statistics course, and when the teacher assigned homework  
	 that I felt unable to do, I copied lecturer’s question and pasted it into ChatGPT to seek  
	 answers. Once ChatGPT provided a solution, I was aware that it might be incorrect,  
	 normally, there might be errors in the data, so I tested it again by using the formulas  
	 from ChatGPT and a calculator with the given numbers. ID10

Furthermore, ChatGPT served as a useful feedback provider for participants (M = 4.46; 
SD = 1.312). It could locate the mistakes, explain the weaknesses, and suggest ways to improve 
the work. It could even fix the errors to enhance product quality. These functions were 
addressed by the participants as follows, 

	 When programming, if I made errors in some code, but I could not find the reasons,  
	 I would copy that code and asked ChatGPT to point out the mistakes. It could explain  
	 why they were wrong and how to improve them. It helped me identify the specific  
	 areas of the code that were not incorrect. When I still did not understand the mistakes,  
	 I asked for elaborations or asked it to correct the errors. ID1
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	 ChatGPT could help restructure the code for better clarity. In my field of expertise, it  
	 assisted me in finding coding errors, for example, if I forget a dot or made mistakes in  
	 a variable name. If the code was lengthy and I asked where something was, it  
	 immediately located it, or it could be an excellent tool to optimize the code. For instance,  
	 if the code ran slowly, ChatGPT could help optimize it.  ID2

Additionally, participants reported they employed ChatGPT to generate various types of 
content, such as brainstorming ideas, creating outlines, and designing additional practice 
tasks (M = 4.45; SD = 1.231). They said that 

	 I used ChatGPT to brainstorm ideas for my English writing task. When I had a writing  
	 task, I asked ChatGPT to provide some ideas. For example, my writing topic was about  
	 the advantages and disadvantages of learning a new language. I asked ChatGPT, and  
	 it provided me with lists of ideas about the topic. ID2

	 When I had assignments, such as a presentation, I asked ChatGPT to create an outline  
	 with main ideas for my presentation. ID4

	 I had ChatGPT write exercises or examples that were similar to my lessons so that  
	 I could do extra practice to consolidate my knowledge. ID7

Finally, using ChatGPT to write code was rated as the least common (M = 3.78; SD = 1.710). In 
the interviews, one student commented that he employed ChatGPT to write codes for 
assignments he did not understand well, so ChatGPT could generate a code framework. Then 
he could improve the quality of the code written by ChatGPT. He explained as follows

	 I was learning programming, so I often asked ChatGPT about code. When I did not  
	 understand some assignments well, I sent them to Chat. It generated a code  
	 framework for the given task. Starting from the provided framework, I then built a  
	 complete program and submitted it to the lecturer. ID6

To conclude, participants employed ChatGPT function to accommodate their personal learning 
needs. The next section presents the result of the second question. 

The effects of students’ ChatGPT acceptance on their academic self-efficacy

Instrument reliability and validity

Table 4
Measurement model parameter estimation
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Table 4 indicated that factor loadings for the items in the measurement model were higher 
than the accepted threshold of 0.708 (Hair et al., 2018). Additionally, Cronbach’s alpha  and 
composite reliability were greater than 0.7 (Hair et al. 2018), indicating that these variables 
are internally reliable. Furthermore, the composite reliability and AVE were above 0.5, which 
showed that these variables were considered adequate. In addition, Table 5 showed that the 
Heterotrait-monotrait ratios (HTMT) were under 0.9 (Henseler et al., 2015). This means that 
the constructs’ discriminant validity was acceptable. 

Table 5
Heterotrait–monotrait ratio of correlations 

Collinearity analysis: to prevent problems related to collinearity, the variance inflation factor 
(VIF) should be less than 3 (Hair et al., 2018). As shown in Table 6, the constructs’ VIFs were 
below the threshold value of 3, suggesting that the collinearity of the indicators did not occur. 

Table 6
Evaluating collinearity of scale and model fit

Hypothesis testing 

Table 7 and Figure 3 indicate that PEU (β = 0.634, p = 0.000) directly affected PU, which supported 
H1. Additionally, PEU (β = 0.248, p = 0.000) directly affected ATT, supporting H2. PU (β = 0.603, 
p = 0.000) directly influenced ATT, supporting H3. ATT (β = 0.413, p = 0.000) had a direct effect 
on ASE, supporting H4, while PU (β = 0.147, p = 0.129 > 0.05) showed no statistically significant 
direct impact on ASE, leading to the rejection of H5.
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Table 7
Hypothesis testing results

Figure 2 The results of the path coefficients

Results of the mediating effects of PU and ATT

The bootstrapping analysis was run to examine the mediating effects of PU and ATT. As shown 
in Table 8, the mediating effect of ATT on the relationship between PU and ATT was statistically 
significant (β = 0.249, p = 0.000). Similarly, the mediating effect of PU on the relationship of 
PEU and ATT was found to be statistically significant (β = 0.383, p = 0.000). In the same vein, 
ATT played a significant mediating in the relationship of PEU and ASE (β = 0.102, p = 0.006). In 
addition, PU and ATT also demonstrated significant mediating effects on the relationship of 
PEU and ASE (β = 0.158, p = 0.000), confirming the mediating role of PU and ATT in the impact 
of PEU and ASE. In contrast, the mediating effect of PU on the relationship of PEU and ASE was 
found to be not significant (β = 0.093, p = 0.140). 

Table 8
The mediating effects of PU and ATT
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DISCUSSION

The present research aimed to explore how the participants utilized ChatGPT to personalize 
their learning and to examine whether their acceptance of ChatGPT influenced their ASE.

The findings revealed the versatile functions of ChatGPT, aligning with those reported by 
Nguyen (2024), who highlighted its use for summarizing information, generating ideas, language 
learning, and giving feedback. However, our results further showed that Vietnamese students 
also used ChatGPT for writing code which is supported by previous scholars (Anders, 2023; 
Limo et al., 2023; Xu et al., 2024). The difference may stem from the participants’ academic 
majors. Such results highlight the diverse features ChatGPT that cater to various academic 
needs and emphasize its appeal as an educational tool, as noted by Menon  and Shilpa (2023). 

The TAM model was employed to examine how students’ acceptance of ChatGPT affects their 
ASE. Four out of five hypotheses were confirmed. Specifically, the results indicated that PEU 
directly affected PU and indirectly affected ATT through PU, which supported the first three 
hypotheses. Additionally, ATT was found to directly affect students’ ASE, supporting the fifth 
hypothesis. However, PU showed no direct effect on ASE, which led to the rejection of the 
fourth hypothesis. 

The study’s results reaffirm the relationship among the three TAM constructs, including PEU, 
PU, and ATT. Students who perceived ChatGPT as easy to use were more likely to find it helpful. 
Additionally, if PEU and PU were positively perceived, students were more likely to develop 
favorable attitudes toward using ChatGPT for learning. The findings are also consistent with 
the prior study by Le and Tran (2024), which identified PU and PEU as predictors of ATT. However, 
unlike the study that focused on behavioral intention, this study shed light on the relationship 
between the factors and ASE, offering broader implications for technological acceptance in 
education. 

In this study, the proposed hypothesis (H2), concerning the relationship between PEU and ATT, 
was found to be different from the study by Liu and Ma (2023). According to the original TAM 
model (Davis, 1989), this contradiction can be explained by the characteristics of students 
aged 18–24 who used ChatGPT independently, without formal guidance. This group likely placed 
high value on PEU, as their ability to adapt to the tool and its user-friendly interface enabled 
them to navigate academic tasks, which positively shaped their attitudes and engagement. 
In contrast, Liu and Ma (2023) and Tiwari et al. (2024) investigated more diverse participant 
groups, with university students comprising only 24% and 66.67% of their samples, respectively. 
For these groups, PU appeared to be more significant. Their participants were more likely to 
use the tool to achieve benefits that were otherwise unattainable with other technologies, 
even if the tools had less user-friendly features, as noted by Tiwari et al. (2024). Another reason 
for this discrepancy might lie in participants’ different experiences with the tool. Tiwari et al.’s 
(2024) participants, after watching several ChatGPT video tutorials, perceived ChatGPT to be 
difficult to use due to its unclear and confusing information, thereby weakening the direct 
relationship between PEU and ATT. In contrast, participants in this  study were enthusiastic 
about the positive role of the tool, despite acknowledging its weaknesses. This is because the 
participants from the current study had employed the tools for their learning activities.
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The results also established the direct effect of ATT on ASE in the context of ChatGPT use. 
Previous studies on educational technology, such as Regatto-Bonifaz and Viteri-Miranda 
(2023) and Ünal et al. (2019), primarily indicated a correlation between these two constructs. 
In contrast, this study demonstrates a causal relationship between them. Moreover, the direct 
effect of ATT on ASE aligns with Yildiz-Durak (2023), who highlighted the impact of students’ 
satisfaction on their ASE in the context of a different chatbot. As an inherently positive 
emotional response, satisfaction closely aligns with positive ATT, as both represent pleasant 
sentiments toward a specific subject or experience. The results of this study indicate that ATT 
is a predictor of students’ ASE. This means that if students have positive attitudes towards 
learning with ChatGPT, they are more likely to have higher levels of learning self-efficacy. 
Together with the previous study, the current research emphasizes the significant role of the 
psychological aspects of a technology-mediated learning environment. 

Regarding the effect of PU on ASE, the findings contrast with Hanham et al. (2021), who 
reported a direct relationship between the two constructs in online learning. In this study, 
however, PU influenced ASE indirectly through ATT. Although students perceived ChatGPT as 
useful, this perception did not necessarily translate into higher ASE. The discrepancy might be 
explained by the nature of the tasks. This study revealed that students tended to rely on 
ChatGPT primarily to complete their assignments rather than to develop their skills, which 
may not be sufficient to build their ASE. In addition, the possibility of using GenAI output 
without thinking carefully may inhibit the learning process (Rudolph et al., 2023), another 
reason for hindering students’ perceived ASE. In contrast, Hanham et al. (2021) examined 
online tutoring services where PU directly impacts self-efficacy through guided feedback and 
structured learning pathways. Personalizing learning with ChatGPT in the current context 
might lack such structured elements, contributing to the different findings. 

This finding highlights merely recognizing ChatGPT as useful will not enhance self-efficacy 
unless it also fosters a positive attitude that drives repeated and reflective use. This is in line 
with earlier studies by Chang et al. (2022), Lee et al. (2022), Urban et al. (2024) and Yilmaz et al. 
(2023), which examined other types of chatbots using experimental research designs. Despite 
the differences in chatbot types and methodologies, the results across the studies converse, 
strengthening the credibility and generalizability of the findings of this study. The consistent 
pattern suggests that a positive ATT toward chatbots corresponds with improved ASE among 
students. However, the absence of structured, guided use in this  study context may have 
limited opportunities for mastery experiences, the most influential sources of self-efficacy 
(Bandura, 1997); thereby, constraining more robust self-efficacy development. This contrasts 
with the findings of Hanham et al. (2021), where guided feedback and structured online 
tutoring environments led to stronger efficacy outcomes.

Beyond the TAM framework, these findings can also be contextualized within the 2025 Digital 
Competence Framework for Learners. These competencies identified by the 2025 framework 
can address challenges observed in the study, such as student’s overreliance on ChatGPT 
without sufficient critical engagement. If it is well implemented, the framework could encourage 
more critical uses of AI tools, which could strengthen ASE in the Vietnamese higher education 
context. The findings of this study emphasize not only psychological aspects of technology 
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mediated learning but also the importance of aligning students’ practices with Vietnam’s 
national digital transformation initiatives.

IMPLICATIONS

Practical implications

Several recommendations can be made to strengthen Vietnamese students’ attitudes toward 
GenAI tools like ChatGPT and enhance their academic self-efficacy. First, educators should 
integrate AI literacy training, based on the 2025 Digital Competence Framework for Learners, 
into academic courses to enrich students’ understanding of how to use GenAI effectively. This 
integration can optimize opportunities for students to apply GenAI tools into authentic, 
hands-on learning tasks, thereby addressing the issue of limited mastery experiences. In 
addition, course rubrics with AI integration should focus more on students’ critical engagement 
with tasks rather than mere task completion. This adaptation can discourage students from 
overreliance on GenAI tools and foster their reflective and critical thinking skills. By aligning 
instructional design with digital competence standards, educators can help students improve 
their confidence and responsibility in AI-assisted learning.

Theoretical implications 

This study contributes to the theoretical understanding of technology acceptance in education 
by challenging existing findings and extending the TAM model framework. Notably, one of the 
findings in this study contradicts the current research by Liu and Ma (2023) regarding the 
relationship between perceived ease of use and attitude in the context of using ChatGPT. This 
discrepancy highlights the need to revisit and refine TAM constructs when applied to AI-driven 
learning contexts. Moreover, the impact of PEU and PU explained 61% of the variance in ATT, 
while ATT accounted for 28% of the variance in ASE. These results confirm the foundation role 
of TAM in understanding students’ acceptance of ChatGPT. However, they also suggest that 
additional factors beyond PEU and PU might influence students’ ATT and ASE. Further 
research should therefore consider extended versions of TAM, such as TAM2 or UTAUT, to 
explore other factors like facilitating condition and social influence, especially when the GenAI 
tools are officially integrated into institutional policies and curricula. Such investigations 
would provide a more comprehensive understanding of how ChatGPT and similar technologies 
can foster students’ ATT toward learning and ASE within the learning environment. 

CONCLUSION

This study explored how Vietnamese students used ChatGPT to support their learning and 
examined the impact of their acceptance of the tool on their ASE. It offers valuable insights 
into students’ experiences with ChatGPT for personalized learning. Additionally, the study 
confirms the relationships among key TAM constructs, including PEU, PU, and ATT within the 
framework. Specifically, PEU predicts PU, and both PEU and PU predicted ATT, the only construct 
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that directly affects students’ ASE. Meanwhile, PEU, and PU indirectly influenced ASE through 
ATT. The findings also reveal that students with a positive ATT toward using ChatGPT tend to 
have higher ASE.

In terms of the significance of the study, this study provides a reference for educators and 
policymakers in the ongoing debate about the integration of ChatGPT into Vietnamese higher 
education. The findings suggest that students’ positive acceptance of ChatGPT can enhance 
their learning self-efficacy. In this perspective, while concerns regarding academic integrity 
and dehumanization remain, it is necessary to train students effectively and responsibly using 
the tool. In other words, if ChatGPT is used appropriately, it can enhance students’ confidence 
in their learning, potentially leading to greater academic success. 

Despite its contributions, this study has several limitations. Firstly, the findings are primarily 
based on self-reported data. While this method of data collection can provide researchers 
with benefits, such as reduced costs and the ability to collect data from a large number of 
participants, it also has several drawbacks, including potential issues with memory recall issues 
and participants’ responses influenced by social desirability (Pekruna, 2020). These factors 
may affect the reliability of the results. However, our thorough clarification of the purposes 
of the research and the assurance of confidentiality would create a sense of ease, which 
encourages the participants to share their perspectives openly (Dörnyei & Taguchi, 2009), which 
can lessen biases. To mitigate these potential biases further, research should incorporate 
diverse data collection methods to triangulate the results. Another limitation is that our study 
is a cross-sectional research design, which allows researchers to collect data at a single point 
in time. This approach limits the generalization of the findings to other times and contexts. 
Especially, with the introduction of the 2025 Digital Competence Framework for Learners, 
students in the future courses can receive more structured guidance and training on using 
GenAI tools for learning, which could impact on their PEU, PU, ATT and ASE differently. Finally, 
due to the nature of the time conducting this research when the official consistent guidelines 
had not yet been provided, the current study employed TAM by David (1990), ignoring the 
possibility influence of external factors such as facilitating condition and social influences. 
Therefore, further studies should explore how both external and internal factors influence 
students’ learning outcomes like academic self-efficacy. 
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Appendix 1
Constructs of TAM model adapted from Liu and Ma (2023)

Perceived ease of use

1. I think ChatGPT is very easy to use.
2. I find the information from ChatGPT easy to follow.
3. Learning how to use ChatGPT is simple for me.
4. I feel that using ChatGPT is clear and straightforward.

Perceived usefulness

1. I believe ChatGPT can enhance the quality of my studies.
2. I think ChatGPT can make my learning process more effective.
3. I feel that ChatGPT can offer me additional learning opportunities.
4. I think ChatGPT can enhance my ability to learn.

Attitude

1. ChatGPT is a highly appealing learning tool.
2. Learning with ChatGPT is fascinating.
3. I enjoy using ChatGPT as part of my studies.
4. I think using ChatGPT for learning is a great idea.
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Appendix 2
Academic Self-Efficacy scale, adapted from the Patterns of  

Adaptive Learning Scales developed by Midgley et al. (2000)

1. I am confident that I can excel in the skills being taught in class this year. 
2. I'm sure I can work out how to do the hardest classwork. 
3. I can finish almost all the classwork if I keep going. 
4. Even if the work is hard, I can learn it. 
5. I can do the tough work in this class if I try. 


