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Abstract—The integration of Artificial Intelligence Text 

Generators (AITGs), such as ChatGPT, Copilot, Gemini, and 

QuillBot, in education has raised critical questions about their 

impact on student learning. This study examines the influence of 

AITGs on learning styles, technology dependency, and critical 

thinking among accounting students, with synchronous and 

asynchronous learning methods as moderating variables. Using 

The Unified Theory of Acceptance and Use of Technology 

(UTAUT) as a framework, data were collected from 106 

undergraduate accounting students and analyzed using Partial 

Least Squares Structural Equation Modeling (PLS-SEM). The 

results indicate that AITGs enhance critical thinking and 

contribute to technology dependency but do not significantly 

affect students’ learning styles. Additionally, synchronous 

learning strengthens the relationship between AITGs use and 

critical thinking, while asynchronous learning does not show a 

significant moderating effect. These findings highlight the dual 

role of AITGs in promoting cognitive skills and fostering 

technology reliance. The study provides practical insights for 

educators and policymakers into the strategic integration of 

AITGs to balance their benefits with the risks of dependency. 
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I. INTRODUCTION 

The development of Artificial Intelligence (AI) in the  

mid-20th century has led to its integration into the modern 

life, with revolutionary implications across various sectors, 

including healthcare, finance, manufacturing, and  

education [1, 2]. In the field of education, AI-driven 

technologies, including AI Text Generators (AITGs), are 

receiving considerable attention for their potential to 

transform traditional teaching methods and enhance learning 

outcomes [3, 4]. AITGs, such as ChatGPT and Gemini, 

provide students with tools that assist in generating written 

content, making them increasingly popular in academic 

settings. 

However, their impact on learning styles, critical thinking, 

and technology dependency, particularly among accounting 

students, raises significant questions concerning the influence 

of these tools on educational outcomes, especially in 

synchronous and asynchronous learning environments. 

Although some studies indicate that AITGs may enhance 

students’ performance and problem-solving abilities [4, 5], 

concerns about dependency and ethical implications  

persist [6, 7], emphasizing the necessity for further research. 

This study contributes to the existing literature by 

addressing critical gaps in the understanding of AITGs’ 

educational impacts. While prior research has predominantly 

explored the technical capabilities and general benefits of 

AITGs, this study examines their specific effects on learning 

style, critical thinking, and technology dependency within the 

domain of accounting education. Furthermore, it evaluates 

the moderating roles of synchronous and asynchronous 

learning environments, which have received limited attention 

in existing studies. By providing empirical evidence on these 

nuanced interactions, the research offers novel insights into 

the strategic use of AITGs for enhancing educational 

outcomes while mitigating potential risks.  

Despite the growing application of AITGs in academic 

contexts, there is a lack of empirical research examining their 

direct impact on learning styles, critical thinking, and 

technology dependency, particularly among accounting 

students. The extant literature has primarily focused on the 

functionality and popularity of these tools, yet has not fully 

examined the deeper implications of their use across different 

learning environments [8–10]. Despite the capacity of 

AITGs, such as ChatGPT, to provide correct or partially 

correct responses, there has been inadequate focus on how 

these tools impact the advancement of critical thinking 

abilities or result in potential over-reliance on  

technology [5, 11]. 

As several researchers have observed, an excessive 

reliance on AI may result in reduced critical thinking and 

decision-making abilities among students. Given that the 

field of accounting education has traditionally relied on 

conventional methods, it is important to gain an in-depth 

understanding of how AITGs impact students in both 

synchronous and asynchronous learning environments. This 

study addresses these gaps by investigating the mediating role 

of AITGs and the moderating effect of synchronous and 

asynchronous learning methods on students’ learning 

outcomes. 

Considering the aforementioned knowledge gaps, this 

study employs the Unified Theory of Acceptance and Use of 

Technology (UTAUT) as the primary theoretical framework 

for investigating the acceptance and usage of AITGs among 

accounting students. The UTAUT model, based on four core 

constructs (performance expectancy, effort expectancy, 

social influence, and facilitating conditions) [12], provides a 

robust basis for understanding factors driving the adoption of 

AITGs in education.   

International Journal of Information and Education Technology, Vol. 15, No. 11, 2025

2465doi: 10.18178/ijiet.2025.15.11.2442

Manuscript received December 11, 2024; revised December 30, 2024; accepted May 6, 2025; published November 19, 2025

https://orcid.org/0009-0009-5826-1477
https://orcid.org/0000-0002-9066-6409


  

II. LITERATURE REVIEW 

A. Artificial Intelligence Text Generators (AITGs) 

AITGs are a subset of Natural Language Processing (NLP) 

within the broader field of AI, designed to generate text with 

human language characteristics [13]. AITGs, including 

models such as ChatGPT, Copilot, and QuillBot, have a wide 

range of applications in education. They can be utilized to 

assist students in various tasks, including summarization, 

paraphrasing, and essay writing [14, 15]. Recent AITG 

developments, especially ChatGPT and GPT-4, have shown 

impressive abilities in generating high-quality, human-like 

text [16, 17]. These technologies have transformed the way 

students interact with complex materials. AI text generators 

can help students understand complex language and basic 

accounting principles, which are essential for academic and 

professional success. 

In addition to improving students’ academic writing and 

cognitive skills, AITGs have shown their potential in 

supporting learners with unique needs, for instance, the 

effectiveness of generative conversational AI in fostering 

English communication skills among students with mild 

intellectual disabilities. This finding underscores the 

adaptability of AITGs in addressing diverse educational 

needs and promoting inclusivity in learning  

environments [18].  

In accounting education, AITGs are gaining prominence 

for enhancing writing quality, particularly in assignments that 

require critical analysis of financial reports or ethical 

considerations in accounting practices [6]. Additionally, 

AITGs facilitate memory retention by automating tools such 

as quizzes, thereby assisting students in obtaining a more 

comprehensive understanding of accounting standards and 

regulations [19]. These tools promote deeper cognitive 

engagement and foster analytical skills essential for 

interpreting financial data [20].  

However, significant limitations persist. While AITGs 

such as ChatGPT are excel in explaining basic accounting 

principles, they struggle with complex tasks such as  

multi-step cost allocation and detailed financial statement 

preparation [21]. Similarly, excessive reliance on AITGs 

could hinder students’ ability to meet the profession’s 

evolving demands [22]. Further, AITGs may disrupt 

traditional assessments and generate biased outputs in fields 

such as accounting, where professional judgment is  

important [23]. Furthermore, an overreliance on AI in 

decision-making may result in ethical concerns, particularly 

with regard to accuracy and standards. AITGs frequently 

provide accurate responses without offering an explanation, 

which may impede students’ capacity to develop critical 

thinking skills [9].  

While studies highlight AITGs’ potential to enhance 

educational outcomes, limited research explores how these 

tools mediate the relationships between learning styles, 

technology dependency, and critical thinking. Furthermore, 

the moderating effects of synchronous and asynchronous 

learning environments remain underexplored, warranting 

further investigation into their long-term educational impact.  

B. The Unified Theory of Acceptance and Use of 

Technology (UTAUT) 

The UTAUT has been widely used for evaluating 

technology acceptance and implementation across diverse 

contexts [24, 25]. Its predictive power makes it especially 

relevant for understanding the adoption of educational tools 

in higher education [26]. By integrating construct such as 

trust and risk perception, UTAUT offers a robust framework 

for examining factors influencing technology use [27]. 

UTAUT identifies four key factors driving technology 

acceptance [28]: 

1) Performance Expectancy (PE) 

Performance Expectancy (PE) refers to the degree to which 

an individual anticipates that utilizing a specific technology 

will enhance their performance. The constructs of perceived 

usefulness, job-fit, and outcome expectations contribute to 

the formation of PE. PE has a significant impact on students 

continued use of online learning platforms [29]. Previous 

research observed a positive relationship between PE and 

university students’ use of AITGs [10]. This study examined 

the role of PE in accounting students’ adoption of AITGs. 

2) Effort Expectancy (EE) 

Effort Expectancy (EE) refers to the perceived ease of use 

of a technology, encompassing factors such as perceived ease 

of use and ease of learning. As a previous study found, EE 

exerts a positive influence on students’ intention to adopt  

AITGs [20]. Additionally, the positive correlation between 

EE and the adoption of AITGs among students [30].  

3) Social Influence (SI) 

Social Influence (SI) refers to the extent to which 

individuals’ adoption of technology is influenced by the 

opinions and behaviors of peers, educators, or influential 

figures. SI significantly influences technology adoption 

among students in India [31].  

4) Facilitating Conditions (FC) 

Facilitating Conditions (FC) refer to the availability of the 

technical infrastructure and support necessary for technology 

use. Studies indicated that FC have a positive effect on 

students’ use of AITGs [10, 30].  

C. Learning Styles (LS) 

The concept of Learning Styles (LS) refers to the methods 

that individuals tend to favor when acquiring, processing, and 

retaining new information [32]. These styles differ across 

learners, influenced by biological characteristic, including 

brain structure and genetic factors, personality traits, 

cognitive abilities and psychological differences [33–36]. 

One of the most widely recognized frameworks for 

classifying learning styles is Fleming’s VARK model (1992), 

which categorizes learners according to four distinct 

preferences: 

⚫ Visual learners, who process information best through 

images, diagrams, or videos. 

⚫ Auditory learners, who benefit from listening, group 

discussions, and verbal repetition. 

⚫ Reading/Writing learners, who excel with text-based 

materials, notes, and written exercises. 

⚫ Kinesthetic learners, who learn through hands-on 

experiences, practical applications, and physical 

engagement. 

AITGs provide personalized assistance tailored to diverse 

learning preferences, enhancing comprehension through 

customized outputs. AITGs can generate tailored responses, 

International Journal of Information and Education Technology, Vol. 15, No. 11, 2025

2466



  

thereby facilitating students’ comprehension of unfamiliar 

concepts. AITGs have the potential to enhance learning by 

automating tasks such as literature reviews and data analysis, 

thereby allowing educators to dedicate their attention to more 

creative and analytical pursuits [37]. Recent studies indicate 

that a considerable number of students are employing AITGs 

to facilitate their learning processes. AITGs serve not only to 

identify solutions but also to foster creativity, improve class 

engagement, and enrich learning outcomes [38]. However, 

impact variations suggest the need to explore how AITGs 

align with different learning styles.  

D. Technology Dependency (TDP) 

The pervasive integration of technology has transformed 

education and raised concerns about overreliance [39]. This 

dependency is associated with the accessibility and 

convenience that technology affords in a range of sectors, 

including education, communication, and healthcare [40]. In 

the field of education, the advent of technology has brought 

about a revolutionary transformation in teaching, making the 

learning process more engaging and efficient [41].  

However, while AITGs offer efficiency and creativity, 

they may foster dependency. The simplicity of AITGs may 

foster over-reliance and impede independent thought [42]. 

This issue is particularly pertinent in the field of accounting, 

where automation may result in a reduction in hands-on 

experience, potentially leading to the decline of essential 

skills [43]. Furthermore, concerns pertaining to data privacy 

and the potential for decision-making risks emerge with 

increased technology dependency [44].   

E. Critical Thinking (CTG) 

Critical Thinking (CTG), comprising skills such as 

analysis, evaluation, and inference, is essential for academic 

and professional success [45]. In the field of accounting, the 

development of critical thinking is of paramount importance 

in preparing for the professional responsibilities, such as 

providing financial recommendations and conducting 

comprehensive analyses [46]. Students who possess robust 

critical thinking abilities are better positioned to address 

accounting challenges, generate novel concepts, and 

communicate in a logical manner [47]. These skills are 

essential for developing novel approaches to financial 

reporting, audit practices, and compliance strategies, which 

are increasingly important in an era of rapid technological and 

regulatory change. Such abilities enhance students’  

decision-making capabilities. However, their use may also 

discourage independent cognitive effort, underscoring the 

need for balanced application [44].   

F. Synchronous Learning Method (SLM) 

Synchronous learning is an educational approach 

characterized by real-time interactions between students and 

instructors. These interactions typically occur through virtual 

platforms or in physical classrooms, fostering immediate 

feedback and active participation. This method is structured 

around fixed schedules, requiring learners and educators to 

engage simultaneously in sessions such as live lectures, 

discussions, or collaborative activities.  

Synchronous learning method involves real-time 

interactions that foster active participation and immediate 

feedback [48]. This method enhances student engagement, 

particularly in complex forensic accounting [49]. The 

integration of AITGs into synchronous learning 

environments has shown potential in augmenting these 

advantages. AITGs can complement synchronous learning by 

simplifying concepts and offering instant assistance [50]. 

These tools enable students to focus on higher-order 

cognitive processes, such as analysis and evaluation, rather 

than solely on information retrieval. However, overreliance 

on AI may limit critical thinking and hands-on learning 

opportunities [42].  

G. Asynchronous Learning Method (ALM) 

The asynchronous learning method is characterized by its 

emphasis on flexibility and self-paced study, allowing 

students to access and engage with educational materials at 

their convenience without being bound by a fixed  

schedule [50]. This pedagogical approach is predominantly 

supported by digital resources, including pre-recorded 

lectures, instructional videos, reading materials, and online 

assignment, which can be accessed at any time from any 

location. It accommodates diverse schedules and fosters 

independent problem-solving.  

The incorporation of AITGs into asynchronous learning 

environments has further augmented its capabilities by 

providing tools for summarization, paraphrasing, and 

generating insights. These technologies empower students to 

efficiently process large volumes of information and focus on 

more analytical aspects of their studies. However excessive 

reliance on these tools can potentially stifle creativity and 

original thinking, as students may become dependent on  

AI-generated content rather than developing their own 

intellectual abilities [51]. Exploring the moderating role of 

asynchronous learning in AITGs usage is critical for 

addressing these concerns.  

H. Research Aims and Questions 

This study aims to examine the impact of pivotal 

theoretical constructs on students’ adoption and utilization of 

AITGs. A primary focus of this study is to elucidate the 

manner in which these tools influence critical educational 

outcomes, including learning styles, technology dependency, 

and critical thinking. Additionally, the research explores the 

moderating role of synchronous and asynchronous learning 

methods in shaping these relationships, providing a nuanced 

perspective on the interplay between AI technologies and 

different learning environments. By addressing these 

complex dynamics, this study contributes to the expanding 

body of scholarship on the integration of AI in education, 

offering both theoretical advancements and practical 

guidance for educators and institutions. The findings of this 

study will inform the development of optimized pedagogical 

strategies that leverage the benefits of AITGs while 

addressing potential challenges, ensuring that educational 

practices remain aligned with the innovative and skill-driven 

requirements of Industry 4.0. Thus, the research questions for 

this study are: 

⚫ Does performance expectancy affect the use of AITGs 

among accounting students? 

⚫ Does effort expectancy affect the use of AITGs among 

accounting students? 

⚫ Does social influence affect the use of AITGs among 

accounting students? 
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⚫ Does facilitating conditions affect the use of AITGs 

among accounting students? 

⚫ Does the use of AITGs affect the learning styles of 

accounting students?  

⚫ Does the use of AITGs affect the technology 

dependency of accounting students? 

⚫ Does the use of AITGs affect the critical thinking skills 

of accounting students? 

⚫ Does the synchronous learning method significantly 

moderate the relationship between AITGs use and 

accounting students’ learning style? 

⚫ Does the synchronous learning method significantly 

moderate the relationship between AITGs use and 

accounting students’ technology dependency? 

⚫ Does the synchronous learning method significantly 

moderate the relationship between AITGs use and 

accounting students’ critical thinking skills? 

⚫ Does the asynchronous learning method significantly 

moderate the relationship between AITGs use and 

accounting students’ learning style? 

⚫ Does the asynchronous learning method significantly 

moderate the relationship between AITGs use and 

accounting students’ technology dependency? 

⚫ Does the asynchronous learning method significantly 

moderate the relationship between AITGs use and 

accounting students’ critical thinking skills? 

I. Hypotheses 

These hypotheses are informed by the UTAUT and 

research on AITGs in accounting education. The study also 

examines how synchronous and asynchronous learning 

methods moderate the relationship between AITGs and key 

learning outcomes. The following hypotheses aim to test 

these relationships empirically.  

⚫ H1: Performance expectancy affects the use of AITGs 

among accounting students. 

⚫ H2: Effort expectancy affects the use of AITGs among 

accounting students. 

⚫ H3: Social influence affects the use of AITGs among 

accounting students. 

⚫ H4: Facilitating conditions affects the use of AITGs 

among accounting students. 

⚫ H5: The use of AITGs affects the learning styles of 

accounting students. 

⚫ H6: The use of AITGs affects the level of technology 

dependency among accounting students. 

⚫ H7: The use of AITGs affects the critical thinking skills 

of accounting students. 

⚫ H8: Synchronous learning moderates the impact of 

AITGs on accounting students’ learning styles. 

⚫ H9: Synchronous learning moderates the impact of 

AITGs on technology dependency among accounting 

students. 

⚫ H10: Synchronous learning moderates the impact of 

AITGs on critical thinking among accounting students. 

⚫ H11: Asynchronous learning moderates the effect of 

AITGs on accounting students’ learning styles. 

⚫ H12: Asynchronous learning moderates the effect of 

AITGs on technology dependency among accounting 

students. 

⚫ H13: Asynchronous learning moderates the effect of 

AITGs on critical thinking among accounting students. 

III. MATERIALS AND METHODS 

This study employed a quantitative approach to enhance 

the validity and reliability of its findings. Data were collected 

from 106 undergraduate accounting students who had utilized 

AITGs in their coursework. The sample size was determined 

by using G*Power analysis, ensuring that the study exceeded 

the minimum requirement of 85 respondents, thus providing 

sufficient statistical power. Data were collected through an 

online survey utilizing validated scales adapted from the 

UTAUT framework. The questionnaire measured four key 

constructs: performance expectancy, effort expectancy, 

social influence, and facilitating conditions, as well as three 

learning outcomes: learning styles, technology dependency, 

and critical thinking. Responses were recorded using a  

6-point Likert scale (1 = Strongly Disagree to 6 = Strongly 

Agree) to encourage decisive answers. The collected data 

were analyzed using SmartPLS 4.0 software, applying Partial 

Least Squares Structural Equation Modeling (PLS-SEM). 

The collected data were analyzed using SmartPLS 4.0 

software, applying PLS-SEM. The hypotheses were tested 

using Bootstrapping (5.000 resamples), and significance was 

determined based on t-values and p-values. The reliability 

and validity of the constructs were assessed through 

Composite Reliability (CR), Average Variance Extracted 

(AVE), Variance Inflation Factor (VIF), and Discriminant 

validity. 

IV. RESULT AND DISCUSSION  

A. Results 

This section presents the findings from the PLS-SEM 

analysis. The demographic profile of the respondents is 

presented in Table 1 in the Method section, providing an 

overview of gender distribution and batch representation.  
 

Table 1. Demographic respondents 

Categories Frequency Percentage (%) 

Gender 
Male 36 34 

Female 70 66 

Batch 

2022 6 5.6 

2023 10 9.4 

2024 52 49.05 

2025 11 10.3 

2026 10 9.4 

2027 10 9.4 

2028 7 6.6 

 

This table presents the demographic profile of respondents 

based on their expected year of graduation, serving as an 

indicator of their generational classification. The data 

confirm that the participants predominantly belong to 

Generation Z, a cohort characterized by high levels of digital 

literacy and familiarity with emerging technologies. This 

makes them particularly relevant for studies investigating the 

educational implications of AITGs. 

1) Measurement model assessment 

Table 2 presents the assessment of the measurement model, 

including CR, AVE, average factor loadings, and the VIF 

range for each construct. These metrics evaluate the 

reliability and convergent validity of the model. The 

summarized results are provided in Table 2, while full details 
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are available in Table A1. 
 

Table 2. Summary of measurement model assessment 

Variables 

Composite 

Reliability 

(CR) 

Average 

Variance 

Extracted 

(AVE) 

Avg. 

Loadings 

Variance 

Inflation 

Factor (VIF) 

Range 

Performance 

Expectancy (PE) 
0.930 0.690 0.83 1.835–3.454 

Effort Expectancy 

(EE) 
0.945 0.776 0.88 2.818–5.162 

Social Influence (SI) 0.819 0.538 0.72 1.170–1.877 

Facilitating Conditions 

(FC) 
0.886 0.722 0.85 1.504–2.674 

Artificial Intelligence 

Text Generators 

(AITGS) 

0.862 0.513 0.71 1.385–1.899 

Synchronous Learning 

Method (SLM) 
0.834 0.505 0.70 1.195–2.039 

Asynchronous 

Learning Method 

(ALM) 

0.822 0.607 0.78 1.246–1.397 

Learning Styles (LS) 0.832 0.555 074 1.204–1.807 

Technology 

Dependency (TDP) 
0.894 0.628 0.80 1.849–3.594 

Critical Thinking 

(CTG) 
0.931 0.553 0.76 1.665–3.914 

 

As presented in Table 2, all constructs exhibit satisfactory 

internal consistency, with CR values exceeding the 

commonly accepted threshold of 0.70. The AVE values 

surpass 0.50 for all constructs, indicating adequate 

convergent validity. The average factor loadings are 

generally above 0.70, reflecting strong indicator 

contributions to their respective latent constructs. 

Furthermore, the VIF values remain below the critical cut-off 

of 5, confirming the absence of multicollinearity. These 

findings collectively support the robustness of the 

measurement model and its appropriateness for subsequent 

structural analysis.  

In Table 3, the results of the discriminant validity 

assessment using the Fornell-Larcker criterion are presented. 

The square root of the AVE for each construct, shown on the 

diagonal, is compared against the inter-construct correlations. 

A summarized version is displayed in Table 4, while full 

results are available in Table A2.  
 

Table 3. Summary of discriminant validity (Fornell-Larcker) 

Construct AVE Root 

AITGS 0.716 

ALM 0.779 

CTG 0.743 

EE 0.881 

FC 0.850 

LS 0.745 

PE 0.830 

SI 0.733 

SML 0.711 

TDP 0.793 

 

As presented in Table 3, all constructs satisfy the  

Fornell-Larcker criterion. The square root of the AVE 

(displayed on the diagonal) is consistently greater than the 

inter-construct correlations in the corresponding rows and 

columns. For instance, the square root of the AVE for AITGS 

is 0.716, which is higher than its correlations with ALM 

(0.446), CTG (0.521), PE (0.612), and TDP (0.666). 

Likewise, PE has a square root of AVE of 0.830, exceeding 

its highest correlation value of 0.707 with EE. These results 

confirm that all constructs in the model are empirically 

distinct, demonstrating acceptable discriminant validity. 

2) Structural model assessment 

The results of the hypothesis testing are summarized in 

Table 4, which reports the path coefficients and significance 

levels for all proposed relationships within the structural 

model. To enhance interpretability, Fig. 1 provides a visual 

representation of these relationships, distinguishing 

significant paths with solid green lines and non-significant 

ones with dashed red lines. Full hypothesis testing results are 

presented in Table A3. 
 

Table 4. Summary of path coefficient 

Hypo 

theses 
Path Beta t-value p-value Decision 

H1 PE→AITGS 0.370 2.887 0.004 Accepted 

H2 EE→AITGS 0.052 0.371 0.710 Rejected 

H3 SI→AITGS 0.210 2.288 0.022 Accepted 

H4 FC→AITGS 0.222 1.775 0.076 Rejected 

H5 AITGS→LS 0.063 0.715 0.475 Rejected 

H6 AITGS→TDP 0.518 6.099 0.000 Accepted 

H7 AITGS→CTG 0.313 3.696 0.000 Accepted 

H8 SLM x AITGS→LS 0.630 9.306 0.000 Accepted 

H9 SLM x AITGS→TDP −0.041 0.544 0.586 Rejected 

H10 SLM x AITGS→CTG 0.324 3.494 0.000 Accepted 

H11 ALM x AITGS→LS 0.095 0.922 0.356 Rejected 

H12 ALM x AITGS→TDP −0.061 0.778 0.437 Rejected 

H13 ALM x AITGS→CTG 0.046 0.435 0.664 Rejected 

 

According to the benchmarks for effect size established by 

Cohen (1988), where β ≈ 0.10 is considered small, β ≈ 0.30 is 

medium, and β ≥ 0.50 is large, the structural model provides 

the following insights. In the context of H1, the medium-sized 

influence of PE on AI generator adoption is statistically 

significant (β = 0.370, t = 2.887, p = 0.004). This indicates 

that a one-unit increase in perceived usefulness corresponds 

to approximately a 37% rise in intention. H2’s EE (β = 0.052, 

t = 0.371, p = 0.710) falls below the small‐effect threshold 

and is not significant, suggesting that ease of use plays only a 

minimal role. H3, SI (β = 0.210, t = 2.288, p = 0.022), fulfills 

the criteria for a small effect and suggests that social influence 

increases adoption intent by approximately 21%. H4, FC  

(β = 0.222, t = 1.775, p = 0.076), despite approaching the 

small‐effect mark, does not reach statistical significance, 

implying its practical contribution is modest under alpha 

level. 

Turning to downstream outcomes, H5 shows that  

AI-generator use does not significantly alter LS (β = 0.063,  

t = 0.715, p = 0.475), as this coefficient remains well under 

0.20. In contrast, H6 reveals a medium-to-large effect on TDP 

(β = 0.518, t = 6.099, p < 0.001), with each usage unit linked 

to a 52% increase in dependency. The H7 variable indicates 

a modestly positive effect on CTG, as indicated by the 

standardized beta coefficient of 0.313 and the t-statistic  

of 3.696, both of which are statistically significant at the  

p <0.001 level. This effect corresponds to an estimated 31% 

improvement in analytic skill. 

The moderating role of SLM is evident in H8–H10: H8 

demonstrates a medium-to-large enhancement of AI use on 

LS under SLM (β = 0.630, t = 9.306, p <0.001), and H10 

exhibits a small-to-medium boost for CTG (β = 0.324,  

t = 3.494, p <0.001). In contrast, the interaction effect of H9 

on TDP (β = –0.041, t = 0.544, p = 0.586) remains negligible. 

Lastly, none of the ALM (H11: β = 0.095, p = 0.356; H12:  

β = –0.061, p = 0.437; H13: β = 0.046, p = 0.664) reached the 

small-effect threshold or statistical significance. This finding 
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indicates that non-real-time learning modalities do not 

meaningfully moderate AI-use outcomes. 

Fig. 1. Path diagram of structural model. 

The hypothesis testing results reveal that PE (H1) and SI 

(H3) significantly affect the adoption of AITGs, while EE 

(H2) and FC (H4) do not. The use of AITGs has a significant 

positive impact on both TDP (H6) and CTG (H7), but not on 

LS (H5). SLM significantly moderates the effects of AITGs 

use on LS (H8) and CTG (H10), whereas its effect on TDP 

(H9) is not significant. All hypothesized moderating effects 

of ALM (H11–H13) were found to be insignificant.  

B. Discussion

1) Performance expectancy and the use of AITGs

The result indicate that PE significantly influences 

accounting students’ adoption of AITGs. Thus, H1 is 

Accepted. Students perceive AITGs as valuable tools for 

enhancing their learning efficiency, boosting productivity, 

and supporting academic goal achievement. The ability of 

AITGs to facilitate quicker comprehension, improve 

understanding, and streamline tasks reinforces their role as 

effective learning aids. This indicates that performance 

expectancy strongly predicts continued use of digital tools in 

education [10, 29]. Moreover, students reported a positive 

alignment between AITG-generated output and their 

expectations, further highlighting the growing integration of 

AI tools into modern learning environments. To encourage 

adoption, universities should emphasize these benefits when 

incorporating AITGs into their curriculum.  

2) Effort expectancy and the use of AI text generators

On the other hand, EE was found to be non-significant, 

indicating that H2 is Rejected. This result indicates that ease 

of use does not play a crucial role in influencing AITGs 

adoption. Theoretically, effort expectancy reflects users’ 

perceptions regarding how easy and effortless it is to use a 

particular technology. However, in this context, 

students—most of whom belong to Generation Z—are 

already highly familiar with digital tools and online 

platforms, reducing the relevance of ease of use as a 

determining factor. Rather than focusing on whether the tool 

is easy to operate, students may place greater emphasis on 

whether the technology adds academic value. AITGs are 

typically designed as user-friendly learning machines that do 

not require complex technical skills to operate. They are often 

used for basic search, explanation, or content generation tasks 

that align with routine academic activities. Thus, the primary 

barrier to adoption is not the complexity of the tool but rather 

the perceived value it provides [20, 30, 52].  

3) Social influence and the use of AI text generators

Social Influence was found to be a significant predictor of 

AITG adoption, thus H3 Accepted. This reinforces the role of 

peer recommendations in shaping technology use. In this 

study, peer influence, particularly recommendations from 

friends and observed behaviors, played a greater role than 

external advertising in motivating students to adopt AITGs. 

Students were more inclined to try AITGs when encouraged 

by their peers, highlighting the social dynamics at play in 

technology adoption. Given this, universities can leverage 

student testimonials and AI-assisted collaborative learning 

environments to enhance engagement. These indicates that 

peer recommendations significantly drive students’ adoption 

of new digital tools [20, 31] 

4) Facilitating conditions and the use of AI text

generators

In contrast, FC did not significantly affect AITGs adoption, 

indicating that H4 is Rejected. This suggests that the 

availability of resources such as compatible devices and 

internet access is not a primary factor influencing AITGs use 

among accounting students. Since access to digital tools is 

already well established, students may not perceive 

infrastructure as a barrier to adoption. FC has been found to 

have no significant effect on students’ actual use of ChatGPT 

for academic purposes, likely because digital access is no 

longer a limiting factor in technology adoption [52, 53]. 

Given their high digital readiness, such infrastructure is 

already assumed. Instead, the decision to adopt AITGs 

appears to be driven more by personal motivation and 

perceived utility. This personal motivation may be triggered 

by curriculum structures that encourage self-directed 

learning, where students are often required to interpret 

materials, such as presentation slides, with minimal guidance. 

As members of Generation Z, students tend to respond to such 

learning demands by intuitively turning to AI tools to 

independently seek clarification and support.  

5) AI text generators and learning styles

The study found that AITGs do not significantly influence 

learning styles, thus H5 is Rejected. This suggests that 

students’ learning preferences remain stable despite the 

introduction of AITGs. Even with integration of AITGs, 

students continue to rely on established approaches such as 

group discussions, hands-on activities, and traditional 

lecture-based learning. Learning styles, including convergent 

and assimilative approaches, have been shown to remain 

consistent even when technology is incorporated into 

education [54]. This finding may also be attributed to the 

nature of AITG outputs, which predominantly consist of 

textual and numerical responses. Given that accounting 

education is heavily oriented toward textual analysis and 

quantitative reasoning. Additionally, while digital 

technologies contribute to more dynamic learning 

environments, meaningful changes often require shifts in 

teaching perspectives and the adoption of transformative 

learning approaches [55]. This reinforces the idea that 

technology supports learning processes but does not 
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necessarily redefine them.  

6) AI text generators and technology dependency 

Conversely, AITGs usage significantly contributes to 

technology dependency, which supports the H6 Acceptance. 

This indicates that students are increasingly reliant on these 

tools for academic tasks and decision-making processes. The 

simplicity and convenience of AITGs may foster  

over-reliance, potentially hindering independent thinking and 

problem-solving abilities [42, 43]. This concern is 

particularly relevant in accounting, where automation can 

reduce hands-on experience and weaken the critical skills 

necessary for professional practice. The dual nature of AITGs 

is evident—they serve as valuable learning aids while also 

contributing to a growing dependency on technology. This 

finding highlights the need for a balanced approach in 

integrating AI tools into education, ensuring that they 

enhance learning without diminishing essential analytical 

capabilities 

7) AI text generators and critical thinking skills 

Furthermore, AITGs positively impact critical thinking, 

thus H7 accepted. Students demonstrated enhanced abilities 

in evaluating information critically, identifying logical 

fallacies, and considering multiple perspectives, suggesting 

that AITGs facilitate structured reasoning and  

problem-solving.  These tools contribute to the development 

of key critical thinking dispostions, such as trust in one’s 

analytical abilities, confidence in reasoning,  

open-mindedness, and maturity, all of which are essential for 

high-order thinking [56]. Additionally, AITGs have been 

recognized for their role in academic research and theory 

analysis, despite challenges related to personalization [57]. 

Integrating AI literacy into academic curricula has also been 

linked to improvements in students’ critical thinking  

skills [58]. However, while AITGs provide structure 

guidance in reasoning, over-reliance on AITGs may limit 

deeper engagement with complex problems. To maximize 

their benefits, educators should promote structure AI 

integration, ensuring that AITGs enhance rather than replace 

critical thinking.   

8) Synchronous learning, AITGs, and learning styles 

The study reveals that the SLM enhances the way students 

integrate AITGs into their learning processes, leading to the 

acceptance of H8. In real-time learning environments, 

students engage more actively with AI-generated content, 

allowing them to refine their understanding through 

discussions and instructor-led explanations. The structured 

nature of synchronous learning fosters discipline and 

consistency, allowing students to navigate AITG-generated 

materials more effectively. Rather than fundamentally 

altering learning preferences, AITGs function as adaptive 

tools that complement existing study habits, reinforcing the 

idea that technology enhances rather than disrupts established 

learning behaviors [48, 50, 59]. This supports the argument 

that synchronous discussions create opportunities for students 

to critically engage with AI-generated content, refining their 

analytical skills in a way that aligns with constructivist 

theories of learning.  

9) Synchronous learning, AITGs, and technology 

dependency 

Despite its role in enhancing engagement, the SLM did not 

moderate the relationship between AITG use and technology 

dependency, leading to the rejection of H9. This suggests that 

structured learning environments do not significantly alter 

students’ reliance on AI tools. This outcome may be 

explained by the inherent nature of synchronous learning, 

which involves real-time instruction, immediate feedback, 

and direct interaction with lecturers and peers. These features 

provide students with timely guidance and clarification, 

thereby reducing the perceived need to consult external tools 

such as AITGs during the learning process. As a result, 

students in synchronous settings may feel sufficiently 

supported through human interaction, diminishing the role of 

AITGs in shaping their technology dependency. 

10) Synchronous learning, AITGs, and critical thinking 

skills 

SLM also strengthens the role of AITGs in developing 

critical thinking, leading to the acceptance of H10. Real-time 

engagement in synchronous learning enables students to 

evaluate AI-generated content critically, challenge 

assumptions, and refine their reasoning through discussion. 

The immediate feedback provided in synchronous settings 

fosters deeper cognitive processing, allowing students to 

identify logical fallacies and consider multiple perspectives. 

Moreover, SLM promotes collaborative learning, where 

students interact, debate, and construct knowledge together, 

rather than relying solely on AI-generated responses. This 

aligns with constructivist learning theories emphasizing that 

meaningful cognitive development occurs through active 

dialogue and reflection. With structured AI-supported 

discussions, students are encouraged to engage in  

higher-order thinking, structured reasoning, and  

problem-solving. Given these benefits, universities should 

consider integrating live AI-assisted discussions into 

curricula to maximize the potential of AITGs in enhancing 

students’ analytical skills. 

11) Asynchronous learning, AITGs, and learning styles 

ALM did not moderate the effect of AITGs on learning 

styles, leading to the rejection of H11. While asynchronous 

learning provides flexibility, the lack of real-time 

engagement may limit its influence on how students interact 

with and adapt to AI-generated content. Learning styles, 

which tend to develop over time through structured 

experiences, may remain unchanged in self-paced settings 

where students have autonomy but less external guidance. 

In this study, asynchronous learning was implemented 

through Guided Self Learning Class (GSLC) sessions, where 

students completed assignments and marked attendance via 

forum submissions. However, these forums primarily served 

administrative functions and lacked interactive elements or 

direct feedback from lecturers. As a result, students may not 

have engaged with AITGs in a manner that supports 

meaningful reflection or adaptation of their learning 

preferences. 

Although asynchronous learning allows students to engage 

with materials at their own pace, the absence of real-time 

discussions may result in passive interaction with AITGs, 

where students treat them as static sources of information 

rather than tools for adaptive learning [60]. Without 

immediate feedback from lecturers, students are less likely to 

refine their learning strategies in response to AI-generated 
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content. This highlights the importance of instructional 

design in asynchronous settings—while flexibility is 

beneficial, integrating structured reflection tasks or 

interactive discussions could help maximize the impact of 

AITGs on learning approaches. 

12) Asynchronous learning, AITGs, and technology 

dependency  

The study found that ALM did not moderate the 

relationship between AITG use and technology dependency, 

leading to the rejection of H12. This suggests that self-paced 

learning environments do not significantly alter students’ 

reliance on AI tools. Without direct instructor support, 

students navigating asynchronous learning environments 

may turn to AITGs more frequently for quick solutions rather 

than as tools for deep analytical engagement. Unlike 

synchronous settings, where structured discussions and 

immediate feedback help shape learning behaviors, 

asynchronous learning allows students to engage with AITGs 

at their own pace, often without real-time guidance or peer 

interaction. The absence of structured guidance may 

contribute to greater reliance on AI-generated content, as 

students often prioritize efficiency over deeper cognitive 

processing [61]. While ALM fosters independent learning, it 

may also reinforce habitual AI usage without necessarily 

reducing dependency. 

13) Asynchronous learning, AITGs, and critical thinking 

skills 

The study further found that ALM did not moderate the 

relationship between AITG use and critical thinking, leading 

to the rejection of H13. Unlike synchronous learning,  

which fosters real-time discussions and collaborative  

problem-solving, asynchronous environments rely on 

students’ self-regulation and motivation to engage critically 

with learning materials. The lack of immediate feedback may 

limit the depth of cognitive processing, as students are less 

likely to receive instant challenges to their perspectives or 

engage in structured debates [61]. 

Without interactive discussions, students may approach 

AITGs as convenient sources of information rather than tools 

for critical engagement. In the absence of structured 

guidance, the risk of passive learning increases, where 

students rely on AI-generated content without deeply 

analyzing or questioning it [60]. This aligns with findings that 

suggest self-paced learning often requires additional support 

mechanisms to foster deeper cognitive engagement. To 

enhance critical thinking in asynchronous settings, educators 

could incorporate AI-assisted peer review activities, guided 

reflection prompts, or interactive assignments that require 

students to critique AI-generated outputs actively. Future 

research should investigate how asynchronous platforms can 

be optimized to facilitate more dynamic and reflective 

learning experiences. 

V. CONCLUSION 

This study provides key insights into how AITGs in 

influencing cognitive engagement and learning behaviors 

among accounting students within higher education. The 

findings show that AITGs significantly enhance critical 

thinking skills and contribute to technology dependency, but 

do not significantly affect learning styles. This dual effect 

suggests that the while AITGs support analytical and 

evaluative thinking, they may also increase reliance on 

automated tools in decision-making. 

The lack of impact on learning styles may reflect students’ 

existing familiarity with digital tools and self-directed 

learning habits, particularly among Generation Z, who have 

long been immersed in technology. AITGs, therefore serve 

more as support tools than as drivers of learning 

transformation.  

Synchronous learning method was found to strengthen the 

effect of AITGs on critical thinking, likely due to real-time 

interaction and instruction feedback that prompt students to 

engage critically with AI-generated content. However, it did 

not significantly moderate technology dependency, which 

may be shaped more by individual behavior and access than 

by teaching format.  

Asynchronous learning method, while offering flexibility, 

did not show a notable moderating role. The lack of 

immediate interaction may reduce students’ critical 

engagement with AITGs, highlighting the need for improved 

instructional design in such settings. Strategies like structured 

feedback, peer discussions, and scheduled check-ins may 

help close this gap. 

These findings carry practical implications. Educators and 

institutions should design learning environments that 

encourage active engagement, critical thinking, and ethical 

AI use. Promoting AI literacy through reflective tasks, peer 

reviews, and scaffolded assignments can support responsible 

AITGs use. In asynchronous formats, built-in feedback loops 

and collaborative features can help sustain student 

engagements.   

This study is limited to undergraduate accounting students, 

so the findings may not apply to other fields. Future research 

should include broader samples, explore long-term effects of 

AITG use, and consider other moderating factors such as 

instructor presence and curriculum design. Mixed-method 

approaches, including interviews or focus groups, may also 

reveal deeper insights beyond quantitative results.  

APPENDIX 

Table A1. Convergent validity 

Variables Indicators Loadings CR (rho_C) AVE  VIF 

PE 

PE1 0.826 0.930 0.690 2.373 

PE2 0.840 - - 2.612 

PE3 0.858 - - 3.186 

PE4 0.874 - - 3.454 

PE5 0.836 - - 2.484 

PE6 0.742 - - 1.835 

EE 

EE1 0.837 0.945 0.776 2.851 

EE2 0.911 - - 4.211 

EE3 0.935 - - 5.162 

EE4 0.904 - - 3.663 

EE5 0.812 - - 2.818 

SI 

SI1 0.627 0.819 0.538 1.358 

SI2 0.866 - - 1.877 

SI3 0.565 - - 1.170 

SI4 0.830 - - 1.551 

FC 

FC1 0.849 0.886 0.722 2.168 

FC2 0.774 - - 1.504 

FC3 0.920 - - 2.674 

AITGS 

AITGS1 0.585 0.862 0.513 1.385 

AITGS2 0.736 - - 1.624 

AITGS3 0.694 - - 1.507 

AITGS4 0.678 - - 1.518 

AITGS5 0.768 - - 1.757 
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AITGS6 0.814 - - 1.899 

SLM 

SLM1 0.567 0.834 0.505 1.195 

SLM2 0.665 - - 1.463 

SLM3 0.770 - - 1.713 

SLM4 0.841 - - 2.039 

SLM5 0.681 - - 1.673 

ALM 

ALM1 0.787 0.822 0.607 1.344 

ALM2 0.732 - - 1.246 

ALM3 0.817 - - 1.397 

LS 

LS1 0.787 0.832 0.555 1.614 

LS2 0.708 - - 1.408 

LS3 0.642 - - 1.204 

LS4 0.830 - - 1.807 

TDP 

TDP1 0.814 0.894 0.628 1.956 

TDP2 0.790 - - 1.849 

TDP3 0.782 - - 2.091 

TDP4 0.789 - - 3.594 

TDP5 0.788 - - 2.915 

CTG 

CTG1 0.753 0.931 0.553 2.423 

CTG2 0.703 - - 2.928 

CTG3 0.751 - - 3.369 

CTG4 0.691 - - 2.420 

CTG5 0.590 - - 1.665 

CTG6 0.655 - - 2.308 

CTG7 0.821 - - 2.863 

CTG8 0.818 - - 3.484 

CTG9 0.750 - - 3.675 

CTG10 0.825 - - 3.914 

CTG11 0.784 - - 3.431 

The table provides the detailed convergent validity results for each 

construct. 

 

Table A2. Discriminant validity 

Variables AITGS ALM CTG EE FC LS PE SI SML TDP 

AITGS 0.716 - - - - - - - - - 

ALM 0.446 0.779 - - - - - - - - 

CTG 0.521 0.596 0.743 - - - - - - - 

EC 0.539 0.404 0.552 0.881 - - - - - - 

FC 0.525 0.41 0.503 0.635 0.85 - - - - - 

LS 0.248 0.415 0.532 0.357 0.23 0.745 - - - - 

PE 0.612 0.489 0.607 0.707 0.507 0.255 0.83 - - - 

IS 0.481 0.49 0.39 0.4 0.393 0.221 0.441 0.733 - - 

SML 0.185 0.32 0.5 0.324 0.159 0.708 0.246 0.156 0.711 - 

TDP 0.666 0.526 0.452 0.453 0.431 0.208 0.552 0.568 0.141 0.793 

The diagonal values represent the square root of AVE, while the off-diagonal values represent inter-construct correlations.  

 

Table A3. Path coefficient 

Hypotheses Path Beta 
Sample Mean 

(M) 
Std Dev t- value p-value LL 5 (%) UL 95 (%) Decision 

H1 PE→AITGS 0.370 0.382 0.128 2.887 0.004 0.118,80 0.620,93 Accepted 

H2 EE→AITGS 0.052 0.047 0.141 0.371 0.710 −0.223,35 0.327,81 Rejected 

H3 SI→AITGS 0.210 0.211 0.092 2.288 0.022 0.030,05 0.389,85 Accepted 

H4 FC→AITGS 0.222 0.222 0.125 1.775 0.076 −0.023,09 0.466,87 Rejected 

H5 AITGS→LS 0.063 0.050 0.089 0.715 0.475 −0.110,50 0.237,44 Rejected 

H6 AITGS→TDP 0.518 0.515 0.085 6.099 0.000 0.351,75 0.684,87 Accepted 

H7 AITGS→CTG 0.313 0.313 0.085 3.696 0.000 0.147,00 0.478,99 Accepted 

H8 SLM x AITGS→LS 0.630 0.642 0.068 9.306 0.000 0.497,14 0.762,42 Accepted 

H9 SLM x AITGS→TDP −0.041 −0.037 0.075 0.544 0.586 −0.188,09 0.106,34 Rejected 

H10 SLM x AITGS→CTG 0.324 0.339 0.093 3.494 0.000 0.142,31 0.506,08 Accepted 

H11 ALM x AITGS→LS 0.095 0.086 0.103 0.922 0.356 −0.106,63 0.296,14 Rejected 

H12 ALM x AITGS→TDP −0.061 −0.068 0.078 0.778 0.437 −0.213,30 0.092,07 Rejected 

H13 ALM x AITGS→CTG 0.046 0.052 0.105 0.435 0.664 −0.160,75 0.252,38 Rejected 

LL = Lower Limit, UL = Upper Limit of Confidence Interval. The table summarizes path coefficients and their statistical significance. 
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