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Abstract
Artificial intelligence (AI) tools have entered rapidly into university classrooms, yet little is known about how English-major students use them across the entire chain of academic research activities rather than for writing alone. This study examined perceptions and use of AI tools for academic research among 188 undergraduates at Ho Chi Minh City University of Foreign Languages – Information Technology (HUFLIT), Vietnam. A cross-sectional survey, grounded in the Technology Acceptance Model (TAM), self-regulated learning (SRL) theory, and the TPACK framework, measured seven constructs: perceived usefulness, perceived ease of use, teacher’s AI integration, self-regulated learning, AI dependence, ethical awareness, and AI usage behavior. Responses were analyzed with descriptive statistics, reliability analysis, and exploratory factor analysis (EFA). Students reported widespread adoption of AI tools, ChatGPT in particular, but used them mainly to search for information and generate ideas rather than to produce finished text. The factor structure suggests that students see technology perceptions, teacher guidance, and self-regulation as connected parts of the same learning experience, rather than as separate factors. The findings extend technology acceptance research to undergraduate research training and show how universities can bring AI into research instruction without weakening academic integrity.
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1. Introduction
1.1. General Context
Artificial intelligence has changed how universities operate and how foreign languages are taught (Arif, 2025). Since its launch in November 2022, ChatGPT reached 100 million users within just two months, making it the fastest-growing consumer application in history (Heaven, 2023). Moreover, modern large language models can do much more than simply retrieve information. Generative AI tools are capable of producing well-structured academic content while offering immediate feedback on grammar and writing style (Kasneci et al., 2023). For EFL students, these capabilities are particularly useful because AI can offer personalized language support, including immediate feedback on writing and opportunities for low-anxiety speaking practice. Nevertheless, growing concerns suggest that dependence on AI may weaken the deep cognitive processing required for authentic language acquisition. The question facing language educators is therefore no longer whether students will use AI, but how they can be guided to use it in ways that enhance rather than replace authentic learning (Najmiah & Al-Anbari, 2025).
Despite the transformative potential of Genarative AI, the pace of adoption has far exceeded the establishment of adequate pedagogical and ethical standards (Alkhatib et al., 2026). UNESCO’s Guidance for Generative AI in Education and Research (2023) stressed the need for educational institutions to validate Genarative AI systems on their ethical and pedagogical acceptability, yet noted that fewer than 10% of schools and universities worldwide had formal guidance on AI at the time of publication (Silva & Janes, 2023).
1.2. Recent Studies
1.2.1. International Context
Recent studies suggest that generative AI, particularly ChatGPT, is changing the way EFL students approach academic writing (Tanharat & Phootirat, 2025). Using a mixed-methods approach based on Sociocultural Theory (SCT), the authors investigated 50 senior English-major undergraduates in Thailand, finding that students primarily use ChatGPT as a mediational tool to self-regulate their writing process, specifically for paraphrasing, brainstorming, and enhancing coherence (Tanharat & Phootirat, 2025). However, the authors noted that students maintain a cautious, critical attitude toward ethical concerns such as plagiarism and the reliability of AI-generated information. Ultimately, the authors argued that while AI offers useful cognitive support, human feedback remains essential for developing advanced academic writing proficiency.
Experimental evidence indicates that students who used AI under teacher guidance achieved significantly better learning outcomes compared to those in traditional settings (Guan et al., 2025). Working with 66 high school students in China, the authors found that the experimental group using AI under teacher guidance scored significantly higher in reading, writing, and overall English proficiency than the control group taught in a conventional format. According to the authors, despite the acknowledged benefits of AI in facilitating task completion and generating ideas, the majority of students still preferred the presence of human teachers. These results suggest that teachers remain essential in providing emotional support and pedagogical guidance that AI cannot replace (Guan et al., 2025).
In the context of postgraduate education, Alghamdi & Madini (2026) explored the perceptions of Master of Arts in TESOL students regarding the use of QuillBot for academic writing and publishing. Through semi-structured interviews with 15 female students in Saudi Arabia and applying the Technology Acceptance Model (TAM), the study reveals that students highly appreciate QuillBot for enhancing grammatical accuracy, sentence variety, and paraphrasing skills (Alghamdi & Madini, 2026). Nevertheless, the authors reported that participants had serious reservations about the risk of semantic distortion, academic integrity issues, and the potential erosion of independent writing skills due to overreliance. Consequently, the authors recommended that AI tools should be integrated strictly as supplementary aids rather than primary writing instruments, with careful evaluation from users.
How ChatGPT can support a broad range of language skills was examined by Ahmed et al. (2025) in a mixed-methods study involving 100 students at the Virtual University in Pakistan. According to the authors, interactions with ChatGPT significantly improved students’ vocabulary, grammar, writing, and reading comprehension within a short timeframe. Results suggest that AI creates a personalized and low-pressure learning environment with real-time feedback, which is particularly beneficial for language development (Ahmed et al., 2025). However, the authors also cautioned against technical limitations, such as occasional inaccuracies and the inherent absence of authentic human interaction, which remains a vital component of holistic language acquisition.
Exploring the psychological drivers of AI adoption, Wang et al. (2025) applied the Integrated Model of Technology Acceptance (IMTA) to investigate the motivations of 347 university students in China using ChatGPT for EFL learning. Findings indicate that intrinsic motivation plays a dominant role in shaping students’ intention to continue using AI tools, significantly overriding traditional extrinsic factors like perceived usefulness or ease of use. According to the authors, when students experience an engaging, human-like interaction with AI, they are more motivated to adopt it for various academic tasks, including speaking practice and writing enhancement (Wang et al., 2025). Despite this enthusiasm, the authors also noted students’ self-awareness regarding the risks of over-dependence and AI hallucinations, advocating for the strategic and guided integration of AI in higher education.
1.2.2. Vietnamese Context
Studies conducted in Vietnam indicate that AI tools offer both significant benefits and notable challenges for EFL students (X. H. N. Thi et al., 2025). Employing a mixed-methods approach with 314 English-majored students, evidence indicates that tools such as ChatGPT and QuillBot are widely used across different stages of academic writing, particularly for complex assignments such as research papers and literature reviews (X. H. N. Thi et al., 2025). According to the authors, there is a positive correlation between the frequency of AI usage and perceived benefits, including improved grammatical accuracy, idea generation, and reduced writing anxiety. However, the authors also cautioned that students face risks such as overreliance, information inaccuracy, and plagiarism.
In a study based on the Technology Acceptance Model (TAM), Vo & Nguyen (2024) explored the perceptions of 369 English-majored students in Central Vietnam regarding ChatGPT. According to the authors, although students exhibited highly positive attitudes and found the tool easy to use, they maintained a largely neutral stance on its overall usefulness, specifically recognizing that AI provided little help for listening and speaking skills (Vo & Nguyen, 2024). In particular, the authors reported that students’ class levels significantly influenced their perceptions, whereas gender did not create a significant difference. To adopt ChatGPT effectively, the authors advocated for the development of specific teaching strategies, careful monitoring, and maintaining a critical balance between AI assistance and human interaction in the language learning process.
Applying the Unified Theory of Acceptance and Use of Technology (UTAUT) framework, T. T. M. Thi (2024) investigated AI usage among 53 English majors at a public university in Ho Chi Minh City. According to the author, learners predominantly utilized generative AI for self-study and homework to check grammar and brainstorm ideas, rather than for direct translation (T. T. M. Thi, 2024). The author found high levels of technology acceptance across both male and female students, emphasizing that instructors’ recommendations wielded a much more significant influence on students’ intentions to use AI compared to peer suggestions. Nevertheless, the author also drew attention to serious concerns in the qualitative data regarding AI-generated misinformation, unnaturally overcomplicated expressions, and the risk of tech-overreliance diminishing learners’ critical thinking and creativity.
1.3. Bibliometric Evidence for the Research Gap
Figure 1
Temporal Overlay Visualization of Keyword Co-occurrence in AI Research
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Table 1
Thematic Clusters Identified in the Bibliometric Analysis of AI Research in Language Education

	Cluster
	Main Theme
	Keywords

	Cluster 1
	AI, ChatGPT & Student Perceptions in Higher Education
	academic writing; artificial intelligence; chatgpt; efl learners; efl students; higher education; human; humans; motivation; structural equation modeling; student perceptions

	Cluster 2
	Language Learning, EFL Writing & Technology Acceptance
	adversarial machine learning; contrastive learning; efl learning; efl writing; english as a foreign language; federated learning; language learning; systematic review; technology acceptance; writing skills

	Cluster 3
	AI in Education, Teaching & Teacher Perspectives
	artificial intelligence in education; artificial intelligence tools; empirical studies; english languages; generative artificial intelligence; language education; personnel training; teacher perceptions; teaching

	Cluster 4
	E-learning Systems & Educational Technology Infrastructure
	case studies; computer-aided instruction; e-learning; education computing; engineering education; language model; learning systems; students



The VOSviewer bibliometric analysis indicates that research on artificial intelligence (AI) in language education has developed rapidly and formed several clear research directions. The co-occurrence network identifies four main thematic clusters: (1) AI, ChatGPT, and student perceptions in higher education; (2) language learning, EFL writing, and technology acceptance; (3) AI in education, teaching practices, and teacher perceptions; and (4) e-learning systems and technology-enhanced learning environments.
The overlay visualization provides further insights into the temporal evolution of the field. Earlier research tends to focus on general concepts such as students, teaching, and writing skills, while more recent studies increasingly emphasize academic writing, student perceptions, teacher perceptions, and AI tools. This shift indicates a transition from general exploratory studies toward more focused investigations of user experience, pedagogical implications, and the practical integration of specific AI applications.
1.4. Research Gap and Significance of the Study
First, existing empirical research has largely focused on AI’s role in supporting general language skills, particularly writing-related tasks such as grammar correction, paraphrasing, and idea generation (Ahmed et al., 2025; Tanharat & Phootirat, 2025; X. H. N. Thi et al., 2025). However, less attention has been given to how English-major students use AI tools for advanced academic research tasks, including developing research questions, designing methodologies, analyzing data, and synthesizing scholarly literature. This gap is also reflected in the bibliometric co-occurrence network, where keywords such as “academic writing,” “writing skills,” and “EFL writing” are highly visible, while terms related to research methodology and research skills are largely absent.
Second, the review of existing studies reveals a widespread use of descriptive, survey-based quantitative designs that examine general attitudes toward AI tools (Alharbi, 2024; Najmiah & Al-Anbari, 2025). In the Vietnamese context specifically, studies by Vo & Nguyen (2024) have applied established acceptance frameworks such as TAM and UTAUT to measure general perceptions. However, these studies have not fully considered pedagogical factors and students’ self-regulation in AI-supported learning (Vo & Nguyen, 2024).
Third, Ho Chi Minh City University of Foreign Languages – Information Technology (HUFLIT) presents a particularly significant site for such an investigation. As a university where English-major students are concurrently trained in linguistic competence and exposed to technology-enhanced learning environments, HUFLIT represents a demographic that heavily utilizes AI tools while being directly impacted by their influence on academic writing, linguistic feedback, and research practices.
1.5. Research Objectives and Questions
The first objective is to examine how English-major students at HUFLIT perceive the benefits and challenges of AI-supported academic research (Bui & Tong, 2025). The second objective is to evaluate the psychometric properties and underlying factor structure of the seven-construct measurement instrument. The third objective is to derive theoretically grounded and practically actionable implications from the empirical findings for the ethical and effective integration of AI tools in English language education within Vietnamese higher education institutions.
To operationalize these objectives, the study addresses the following research questions:
RQ1: How do English-major students at HUFLIT perceive the benefits and challenges of AI-supported academic research, as measured through the constructs of Perceived Usefulness, Perceived Ease of Use, Teacher’s AI Integration, Self-Regulated Learning, AI Dependence, Ethical Awareness, and AI Usage Behavior?
RQ2: To what extent do the seven theoretically hypothesized constructs demonstrate internal consistency and empirical distinctiveness, and what underlying factor structure emerges from exploratory factor analysis of the data?
RQ3: What are the theoretical and practical implications of the empirical findings for integrating AI tools ethically and effectively in English language education at Vietnamese higher education institutions?
2. Literature Review
2.1. The Paradigm Shift in AI-Mediated Language Education
In the domain of second language writing, generative AI tools have expanded their influence far beyond surface-level grammar correction to affect the conceptual content and structural organization of student work (Najmiah & Al-Anbari, 2025). generative AI has necessitated a fundamental redesign of how instructors approach the teaching and assessment of writing skills, as students now have access to tools that can produce polished academic prose with minimal human input (Kohnke et al., 2023). Beyond written production, learners increasingly perceive AI as a transformative tool for oral proficiency. For instance, studies in Vietnam indicate that students utilize generative AI platforms to improve their speaking skills through interactive, low-stakes practice that reduces performance anxiety and provides opportunities for sustained conversational engagement outside formal classroom settings.
2.2. Theoretical Perspectives on Technology Acceptance
2.2.1. Core Determinants within the TAM Framework
The Technology Acceptance Model (TAM), established by Davis (1989), remains the primary theoretical lens for evaluating user adoption of educational technologies. The model posits that two core constructs: perceived usefulness (PU) and perceived ease of use (PEOU), serve as the essential determinants of a user’s behavioral intention to engage with new technology (Venkatesh & Davis, 2000). In the context of EFL education, perceived usefulness is typically operationalized as the belief that AI tools directly enhance linguistic proficiency, academic efficiency, and research productivity (Vo & Nguyen, 2024).
2.2.2. Expanding TAM in the Generative AI Era
In the context of ChatGPT adoption in higher education, studies utilizing the Unified Theory of Acceptance and Use of Technology (UTAUT) have shown that alongside performance expectancy, students’ intention to use is significantly influenced by facilitating conditions and social influence. Furthermore, result demonstrability has been identified as an important predictor of learners’ usage behavior. Additionally, students’ decisions to accept AI are strongly driven by emotional factors as well as concerns about ethics, privacy, and academic integrity (Haetami & Aghata, 2025; Kohnke et al., 2023; Ravšelj et al., 2025).
2.3. AI Support and the Risk of Shortcut Learning in Self-Regulated Learning
Self-regulated learning (SRL), defined by Zimmerman (2002) as the self-initiated process through which learners set goals, monitor progress, and evaluate outcomes, has emerged as a critical construct for understanding how students engage with AI tools in educational settings (Zimmerman, 2002). 
Generative AI offers significant potential as a scaffolding mechanism that supports the cyclical SRL process of forethought, performance, and self-reflection (Kasneci et al., 2023). AI-powered tools can provide personalized feedback, real-time progress monitoring, and metacognitive prompts that facilitate learners’ self-regulatory development. For many English-major students in Vietnam, ChatGPT serves as a constant learning companion that supports autonomy through immediate writing feedback, research planning support, and self-directed vocabulary and grammar practice (Vo & Nguyen, 2024). Consistent with this view, recent systematic reviews indicate that Generative AI has strong potential to enhance SRL by helping students with goal-setting, strategy selection, and reflective evaluation across different academic contexts (Chiu, 2024; Kien, 2025; Ravšelj et al., 2025).
2.4. Ethical Integrity and Policy Realities
International frameworks from UNESCO (2023) and the OECD (2023) advocate for a human-centered and ethical approach to AI in education, emphasizing principles of transparency, accountability, inclusivity, and the protection of learner agency (OECD, 2023; UNESCO, 2023). However, a gap remains between these policy-level principles and classroom realities, particularly in developing countries where institutional resources, teacher training, and digital infrastructure may be insufficient. In Vietnamese higher education specifically, students frequently use AI tools, but their use is often not guided by clear institutional policies. While students recognize the utility of Generative AI for academic tasks, they also confront concerns over academic integrity, the reliability of AI-generated information, and the absence of clear boundaries regarding acceptable use (X. H. N. Thi et al., 2025).
3. Methodology
3.1. Research Design
A quantitative cross-sectional design was employed to examine students’ perceptions of AI tools in academic research at Ho Chi Minh City University of Foreign Languages – Information Technology (HUFLIT).
3.2. Participants and Sampling
The study involved 188 undergraduate English-major students at HUFLIT. Participants were selected using a convenience sampling approach, focusing on students with prior exposure to both language learning and research activities. 
3.3. Instrument Development
The survey instrument consisted of two sections. The first section collected demographic information, including gender, year of study, prior experience with AI tools, frequency of AI use, most frequently used AI tool, and purposes of AI usage in academic research (multiple-response items). The second section comprised 27 Likert-scale items measured on a five-point scale (1 = Strongly Disagree to 5 = Strongly Agree), distributed across seven theoretically grounded constructs: Perceived Usefulness (PU, 4 items), Perceived Ease of Use (PEOU, 4 items), Teacher’s AI Integration (TPACK, 5 items), Self-Regulated Learning (SRL, 4 items), AI Dependence (AD, 3 items), Ethical Awareness (ETH, 3 items), and AI Usage Behavior (AUB, 4 items).
3.4. Data Collection Procedure
Data were collected during the second semester of the 2025–2026 academic year through paper survey and Google Forms.
3.5. Data Analysis
Data analysis was conducted using IBM SPSS Statistics (Version 26) and proceeded through three sequential phases, each corresponding to a specific research question.
4. Results
4.1. Descriptive Statistics
4.1.1. Demographic Characteristics of Respondents
The sample consisted of 188 undergraduate students. The sample was predominantly female (n = 140, 74.5%), with male participants comprising 25.5% (n = 48). The majority of respondents were third-year students (n = 158, 84.0%), while fourth-year students accounted for 16.0% (n = 30). A considerable proportion of respondents (96.8%, n = 182) reported having prior experience with AI tools for research purposes. In terms of frequency of use, 45.7% (n = 86) indicated using AI “often,” followed by 26.6% (n = 50) who used it “very often” and 23.4% (n = 44) who used it “sometimes.” ChatGPT was the most frequently used AI tool (70.2%, n = 132), followed by Grammarly (11.7%, n = 22), Google Translate (9.0%, n = 17), and Perplexity (9.0%, n = 17).
Table 2
Demographic Characteristics of Respondents (N = 188)

	Variable
	Category
	n
	%
	Cum. %

	Gender
	Male
	48
	25.5
	25.5

	
	Female
	140
	74.5
	100.0

	Year of Study
	Third year
	158
	84.0
	84.0

	
	Fourth year
	30
	16.0
	100.0

	AI Usage Experience
	Yes
	182
	96.8
	96.8

	
	No
	6
	3.2
	100.0

	Frequency of AI Use
	Never
	4
	2.1
	2.1

	
	Rarely
	4
	2.1
	4.2

	
	Sometimes
	44
	23.4
	27.6

	
	Often
	86
	45.7
	73.3

	
	Very Often
	50
	26.6
	99.9

	Most Used AI Tool
	ChatGPT
	132
	70.2
	70.2

	
	Grammarly
	22
	11.7
	81.9

	
	Google Translate
	17
	9.0
	90.9

	
	Perplexity
	17
	9.0
	99.9



4.1.2. Purposes of AI Usage in Scientific Research
Respondents reported multiple purposes for using AI in scientific research activities. The most prevalent purpose was searching for information (77.1%), followed by generating ideas and topics (72.9%), and translating academic content (61.7%). Writing or revising text and summarizing articles were reported by approximately 55% of respondents, while creating references or citations was the least common purpose (45.7%).
Table 3
Purposes of AI Usage in Scientific Research (N = 188, Multiple Responses)

	Purpose
	n (Yes)
	% (Yes)
	% (No)

	Searching for information
	145
	77.1
	22.9

	Generating ideas / topics
	137
	72.9
	27.1

	Translating academic content
	116
	61.7
	38.3

	Writing or revising text
	105
	55.9
	44.1

	Summarizing articles
	104
	55.3
	44.7

	Creating references / citations
	86
	45.7
	54.3



4.1.3. Descriptive Statistics of Likert-Scale Items
Table 4 presents the descriptive statistics for all 27 Likert-scale items across seven constructs. Overall, the mean scores ranged from 3.67 (AD1) to 4.26 (PU1), indicating that respondents generally expressed agreement to strong agreement with most survey items. The standard deviations ranged from 0.668 to 1.049, suggesting moderate variability in responses. All items exhibited negative skewness values, indicating a tendency toward higher scores.
Table 4
Descriptive Statistics of Likert-Scale Items (N = 188)

	Item
	M
	SD
	Skewness
	Kurtosis
	Min
	Max

	PU1
	4.26
	0.839
	-1.280
	2.232
	1
	5

	PU2
	4.24
	0.823
	-1.005
	1.151
	1
	5

	PU3
	4.18
	0.881
	-0.968
	0.742
	1
	5

	PU4
	4.22
	0.878
	-1.209
	1.895
	1
	5

	PEOU1
	4.20
	0.782
	-0.915
	1.429
	1
	5

	PEOU2
	4.19
	0.757
	-0.335
	-1.185
	3
	5

	PEOU3
	4.04
	0.892
	-0.713
	0.248
	1
	5

	PEOU4
	4.02
	0.942
	-0.741
	0.201
	1
	5

	TPACK1
	4.05
	0.861
	-0.398
	-0.614
	1
	5

	TPACK2
	4.05
	0.876
	-0.683
	0.250
	1
	5

	TPACK3
	4.08
	0.858
	-0.667
	0.273
	1
	5

	TPACK4
	4.10
	0.870
	-0.725
	0.374
	1
	5

	TPACK5
	4.16
	0.814
	-0.662
	0.010
	1
	5

	SRL1
	4.13
	0.668
	-0.258
	-0.159
	2
	5

	SRL2
	4.09
	0.801
	-0.601
	0.103
	1
	5

	SRL3
	4.16
	0.841
	-0.855
	0.684
	1
	5

	SRL4
	4.14
	0.852
	-0.834
	0.544
	1
	5

	AD1
	3.67
	1.049
	-0.849
	5.515
	1
	5

	AD2
	3.93
	0.946
	-0.763
	0.249
	1
	5

	AD3
	4.01
	0.933
	-0.894
	0.616
	1
	5

	ETH1
	4.16
	0.871
	-0.866
	0.413
	1
	5

	ETH2
	4.07
	0.889
	-0.651
	-0.198
	1
	5

	ETH3
	4.10
	0.897
	-0.854
	0.422
	1
	5

	AUB1
	4.12
	0.873
	-0.839
	0.543
	1
	5

	AUB2
	4.13
	0.847
	-0.740
	0.121
	1
	5

	AUB3
	4.11
	0.874
	-0.825
	0.470
	1
	5

	AUB4
	4.01
	0.903
	-0.637
	-0.020
	1
	5



One exception should be acknowledged. Item AD1 showed a kurtosis value of 5.515, exceeding the ±2 range commonly expected under strict univariate normality. This indicates that most responses were concentrated around the agreement categories, while a small number of students selected the lowest response options, creating a more peaked distribution with heavier tails. Such a pattern can occur in Likert-scale items that address sensitive self-perceptions, such as dependence (Blanca et al., 2013). Since the value was still below the |kurtosis| < 7 benchmark suggested by West et al. (1995), and because reliability analysis and exploratory factor analysis are relatively robust to moderate non-normality at this sample size, AD1 was retained without transformation. 

4.2. Reliability Analysis
Cronbach’s alpha coefficients ranged from .852 (AI Dependence) to .935 (Teacher’s AI Integration), indicating good to excellent internal consistency across all seven constructs. All constructs met the established reliability thresholds (Nunnally, 1978). Moreover, all corrected item-total correlations (CITC) exceeded .30, and no item deletion would meaningfully improve the alpha values. These results support the retention of all items for subsequent analysis.
Table 5
Summary of Reliability Analysis by Construct

	Construct
	Items
	Cronbach’s α
	CITC Range
	Assessment

	Perceived Usefulness (PU)
	4
	0.904
	.757–.797
	Excellent

	Perceived Ease of Use (PEOU)
	4
	0.879
	.723–.753
	Good

	Teacher’s AI Integration (TPACK)
	5
	0.935
	.814–.858
	Excellent

	Self-Regulated Learning (SRL)
	4
	0.892
	.711–.790
	Good

	AI Dependence (AD)
	3
	0.852
	.707–.795
	Good

	Ethical Awareness (ETH)
	3
	0.912
	.800–.841
	Excellent

	AI Usage Behavior (AUB)
	4
	0.922
	.777–.843
	Excellent


Note. CITC = Corrected Item-Total Correlation. All CITC values > .30. Internal consistency thresholds follow the standard .70 reliability benchmark (Nunnally, 1978).

Table 6
Item-Level Reliability Statistics

	Construct
	Item
	CITC
	α if Deleted
	Decision

	Perceived Usefulness (PU)
	PU1
	0.797
	0.872
	Retain

	
	PU2
	0.792
	0.874
	Retain

	
	PU3
	0.757
	0.886
	Retain

	
	PU4
	0.795
	0.873
	Retain

	Perceived Ease of Use (PEOU)
	PEOU1
	0.753
	0.840
	Retain

	
	PEOU2
	0.745
	0.845
	Retain

	
	PEOU3
	0.752
	0.839
	Retain

	
	PEOU4
	0.723
	0.854
	Retain

	Teacher’s AI Integration (TPACK)
	TPACK1
	0.814
	0.923
	Retain

	
	TPACK2
	0.838
	0.918
	Retain

	
	TPACK3
	0.819
	0.922
	Retain

	
	TPACK4
	0.858
	0.915
	Retain

	
	TPACK5
	0.814
	0.923
	Retain

	Self-Regulated Learning (SRL)
	SRL1
	0.711
	0.879
	Retain

	
	SRL2
	0.760
	0.862
	Retain

	
	SRL3
	0.788
	0.851
	Retain

	
	SRL4
	0.790
	0.850
	Retain

	AI Dependence (AD)
	AD1
	0.707
	0.847
	Retain

	
	AD2
	0.795
	0.723
	Retain

	
	AD3
	0.748
	0.784
	Retain

	Ethical Awareness (ETH)
	ETH1
	0.800
	0.899
	Retain

	
	ETH2
	0.841
	0.863
	Retain

	
	ETH3
	0.839
	0.861
	Retain

	AI Usage Behavior (AUB)
	AUB1
	0.832
	0.894
	Retain

	
	AUB2
	0.843
	0.891
	Retain

	
	AUB3
	0.829
	0.895
	Retain

	
	AUB4
	0.777
	0.913
	Retain


Note. CITC = Corrected Item-Total Correlation; α if Deleted = Cronbach’s Alpha if Item Deleted. All items retained based on CITC > .30 criterion.

4.3. Exploratory Factor Analysis (EFA)
4.3.1. Sampling Adequacy and Sphericity
Prior to exploratory factor analysis, the suitability of the data was examined. The Kaiser-Meyer-Olkin (KMO) measure was .917, indicating high sampling adequacy (Kaiser, 1974). Bartlett’s Test of Sphericity was statistically significant (χ² = 4672.900, df = 351, p < .001), suggesting that the correlation matrix was appropriate for factor analysis.
Table 7
KMO and Bartlett’s Test

	Test
	Statistic
	Value

	Kaiser-Meyer-Olkin Measure
	—
	.917

	Bartlett’s Test of Sphericity
	Approx. χ²
	4672.900

	
	df
	351

	
	Sig.
	< .001



4.3.2. Total Variance Explained
Principal Component Analysis (PCA) with Varimax rotation was employed for factor extraction. Based on the eigenvalue-greater-than-one criterion, five components were extracted, collectively accounting for 75.127% of the total variance. The first component explained the largest proportion of variance (50.255% before rotation; 27.129% after rotation). After Varimax rotation, the variance was more evenly distributed across the five factors. The rotation converged in five iterations.
Table 8
Total Variance Explained

	Comp.
	Eigenvalue
	% Variance
	Cum. %
	Rot. Total
	Rot. % Var.
	Rot. Cum. %

	1
	13.569
	50.255
	50.255
	7.325
	27.129
	27.129

	2
	2.433
	9.012
	59.268
	3.871
	14.335
	41.464

	3
	1.628
	6.031
	65.299
	3.764
	13.942
	55.406

	4
	1.444
	5.349
	70.648
	2.873
	10.641
	66.047

	5
	1.209
	4.479
	75.127
	2.452
	9.080
	75.127


Note. Extraction Method: Principal Component Analysis. Rotation Method: Varimax with Kaiser Normalization. Only components with eigenvalues ≥ 1.0 are shown.

4.3.3. Rotated Component Matrix
Table 9 displays the rotated component matrix using Varimax rotation with Kaiser normalization. Factor loadings below .40 are not reported for clarity. The five extracted factors demonstrated a clear structure. Factor 1 consisted of 13 items from PU, TPACK, and SRL, with loadings ranging from .543 to .826. Factor 2 included four PEOU items (.697–.811), Factor 3 included four AUB items (.800–.814), Factor 4 included three ETH items (.787–.864), and Factor 5 included three AD items (.864–.913). All items loaded clearly on their intended factors, with no problematic cross-loadings.
Table 9
Rotated Component Matrix (Varimax Rotation)

	Item
	Factor 1
	Factor 2
	Factor 3
	Factor 4
	Factor 5

	SRL4
	0.826
	
	
	
	

	SRL2
	0.778
	
	
	
	

	PU1
	0.775
	
	
	
	

	SRL3
	0.755
	
	
	
	

	TPACK5
	0.727
	
	
	
	

	TPACK4
	0.700
	
	
	
	

	PU3
	0.690
	
	
	
	

	PU2
	0.678
	
	
	
	

	SRL1
	0.652
	
	
	
	

	TPACK3
	0.630
	
	
	
	

	PU4
	0.626
	
	
	
	

	TPACK2
	0.572
	
	
	
	

	TPACK1
	0.543
	
	
	
	

	PEOU3
	
	0.811
	
	
	

	PEOU1
	
	0.716
	
	
	

	PEOU2
	
	0.709
	
	
	

	PEOU4
	
	0.697
	
	
	

	AUB2
	
	
	0.814
	
	

	AUB4
	
	
	0.807
	
	

	AUB3
	
	
	0.802
	
	

	AUB1
	
	
	0.800
	
	

	ETH2
	
	
	
	0.864
	

	ETH3
	
	
	
	0.809
	

	ETH1
	
	
	
	0.787
	

	AD2
	
	
	
	
	0.913

	AD3
	
	
	
	
	0.873

	AD1
	
	
	
	
	0.864


Note. Extraction Method: Principal Component Analysis. Rotation Method: Varimax with Kaiser Normalization. Factor loadings < .40 are suppressed. Rotation converged in 5 iterations.

4.4. Summary of Key Findings
The quantitative analyses revealed several key findings. First, the descriptive statistics indicated that respondents generally viewed AI tools positively in the context of academic research. Mean scores for most Likert-scale items were consistently above 4.00, except for AI Dependence, which ranged from 3.67 to 4.01. Second, the reliability analysis confirmed strong internal consistency across all seven constructs, with Cronbach’s alpha values ranging from .852 to .935. Third, the exploratory factor analysis extracted five factors, which together explained 75.127% of the total variance. Although the study initially proposed a seven-construct structure, the empirical results reduced this structure to five factors. Factor 1 combined items from Perceived Usefulness, Teacher’s AI Integration, and Self-Regulated Learning; Factor 2 retained all Perceived Ease of Use items; Factor 3 comprised all AI Usage Behavior items; Factor 4 grouped all Ethical Awareness items; and Factor 5 included all AI Dependence items.

5. Discussion
5.1. Student Perceptions of AI in Academic Research
The very high AI adoption rate among HUFLIT English-major students (96.8%) and their frequent use of AI are consistent with global trends, where AI adoption among university students has been reported at 80–92%. Students mainly used AI for information searching (77.1%) and idea generation (72.9%), rather than for producing complete texts. This suggests that AI functions primarily as a cognitive support tool during the exploratory stages of research, rather than as a tool for automating final outputs. Mean scores were above 4.00 across all constructs except AI Dependence (M = 3.67–4.01), indicating positive perceptions of AI, together with awareness of the risks of excessive reliance. This finding reflects the scaffolding–shortcut paradox identified in the literature (Alghamdi & Madini, 2026; T. T. M. Thi, 2024; Wang et al., 2025).

5.2. Factor Structure and Integrated AI Research Competence 
The most important finding is the five-factor EFA structure departing from the hypothesized seven-construct model. While PEOU, AUB, Ethical Awareness, and AI Dependence were cleanly reproduced, PU, TPACK, and SRL converged into a single composite factor, Integrated AI Research Competence, suggesting students experience technology perceptions, pedagogical guidance, and metacognitive regulation as interrelated facets of a unified competence rather than separate dimensions. The clean separation of Ethical Awareness (loadings .787–.864) and AI Dependence (loadings .864–.913) as distinct factors suggests that ethical cognition and dependency perceptions may operate through different psychological mechanisms.
5.3. Implications
Theoretically, the Integrated AI Research Competence construct extends TAM by showing that PU, pedagogical scaffolding, and SRL may collapse into a single latent dimension when instructional integration is sufficiently strong. Future research should employ CFA and SEM to validate this construct across contexts.
Practically, AI competence programs should adopt holistic approaches developing technology perceptions, instructional guidance, and self-regulation concurrently through scaffolded research projects mirroring Zimmerman’s (2002) SRL cycle. AI ethics should be embedded as a dedicated curricular component, not treated incidentally. Students should adopt deliberate strategies for evaluating AI outputs and periodically completing tasks without AI to mitigate dependency risks.
5.4. Limitations
Several limitations should be acknowledged. First, the study relied on a convenience sample from a single institution (HUFLIT), which limits the generalizability of the findings. Second, the use of self-report measures introduces the possibility of social desirability bias, particularly on sensitive items related to AI dependence and ethical awareness.
6. Conclusion
This study examined 188 undergraduate students’ perceptions and use of AI tools in scientific research through a quantitative survey grounded in the TAM, self-regulated learning theory, and the TPACK framework across seven constructs. In general, the findings indicate that AI tools, particularly ChatGPT, have become widely integrated into students’ research workflows (96.8% usage rate), mainly for information searching, idea generation, and translation, positioning AI as an augmentative rather than replacement resource. The measurement instrument showed strong reliability, with Cronbach’s alpha values ranging from .852 to .935. While exploratory factor analysis produced a five-factor structure explaining 75.127% of total variance, departing from the hypothesized seven-construct model. The most important difference was that Perceived Usefulness, Teacher’s AI Integration, and Self-Regulated Learning converged into a single composite factor termed Integrated AI Research Competence. This suggests that students see AI usefulness, teacher guidance, and self-regulation as closely connected parts of one broader competence.
Theoretically, this study extends the TAM to AI-assisted undergraduate research, introduces Integrated AI Research Competence as a novel composite construct, and provides evidence that ethical awareness and AI dependence function as empirically distinct factors, which may operate through different psychological mechanisms. Practically, the findings suggest that AI competence training should adopt a holistic approach simultaneously addressing perceived value, instructional scaffolding, and self-regulation rather than treating these dimensions in isolation. AI ethics should be integrated into formal research methodology courses instead of being presented as an additional topic. Students should also be encouraged to maintain critical autonomy by evaluating AI outputs carefully, checking them against primary sources, and occasionally completing tasks without AI assistance to preserve independent research skills. 
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