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Tóm tắt: Nghiên cứu này xem xét vai trò trung gian của tư duy phản biện trong mối quan hệ giữa niềm tin vào năng lực học tập của bản thân và sự phụ thuộc vào trí tuệ nhân tạo của sinh viên đại học tại Thành phố Hồ Chí Minh. Dữ liệu sơ cấp được thu thập từ 299 sinh viên thuộc nhiều trường đại học khác nhau thông qua bảng câu hỏi trực tuyến, được xây dựng dựa trên Thang đo Đánh giá Tự hiệu quả Học tập và Sự phụ thuộc vào AI (ASAIDAS), và được phân tích bằng phương pháp mô hình cấu trúc tuyến tính (SEM). Kết quả cho thấy tự hiệu quả học tập có ảnh hưởng tích cực và có ý nghĩa thống kê đến kỹ năng tư duy phản biện của sinh viên (β = 0,690, p < 0,001), trong khi tác động trực tiếp của tự hiệu quả học tập và tư duy phản biện lên sự phụ thuộc vào AI không có ý nghĩa thống kê. Ngoài ra, tư duy phản biện không đóng vai trò trung gian trong mối quan hệ giữa tự hiệu quả học tập và sự phụ thuộc vào AI.

Từ khoá: niềm tin vào năng lực học tập, tư duy phản biện, sự phụ thuộc vào AI, giáo dục đại học, SEM

THE MEDIATING ROLE OF CRITICAL THINKING IN THE RELATIONSHIP BETWEEN ACADEMIC SELF-EFFICACY AND AI DEPENDENCE OF UNIVERSITY STUDENTS IN HO CHI MINH CITY
Abstract
This study examined the mediating role of critical thinking in the relationship between academic self-efficacy and AI dependence of university students in Ho Chi Minh City (HCMC). Primary data was collected from 299 students from different universities via online questionnaires developed from the Academic Self-Efficacy and AI Dependency Assessment Scale (ASAIDAS) and was analyzed via structural equation modeling (SEM). The findings demonstrated that academic self-efficacy significantly and positively influenced students’ critical thinking skills (β = 0.690, p < 0.001), whereas the direct effects of academic self-efficacy (ASE) and critical thinking (CT) on AI dependence (AID) were not statistically significant. Furthermore, critical thinking did not mediate the relationship between academic self-efficacy and AI dependence. 
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1. Introduction 
In recent years, AI has been developed in different aspects of life at a significant pace, transforming scientific research, labor market, social communications, global security, and the economy (Zgurovsky, 2025). Specifically in education, AI is reshaping how knowledge is created, delivered, and assessed.  According to the Industry Global Forecast (GMI, 2023), the market size for AI in Education has reached USD 4 billion in 2022 and is expected to expand at over 10% CAGR from 2023 to 2032, due to the growing trend towards personalized learning. 
In urban centers like HCMC, Vietnam, with more than 500,000 university students, digital transformation is moving fast. The integration of AI in education has significantly improved access and learning efficiency, preparing students for an increasingly technological and ever-changing world (Haleem et al., 2022). However, this rapid growth raises concerns about AI dependency, which means relying too heavily on AI in ways that can limit students’ ability to develop their own skills (Zhang et al., 2024). 
Against this background, this study aims to examine how academic self-efficacy and critical thinking relate to AI dependence among university students in HCMC. While previous studies have mainly focused on factors influencing students’ intention to use AI, this research investigates AI dependence as a behavioral outcome and explores the potential mediating role of critical thinking. In addition, the study provides empirical evidence from the Vietnamese higher education context, which remains relatively underexplored in current AI-education research.
2. Theoretical framework 
2.1. Theoretical Foundations 
[bookmark: _heading=h.9iv52vpg3wr4]2.1.1. Bandura’s Self-Efficacy Theory
Bandura (1977) defines self-efficacy as beliefs in one’s capability to perform actions required for success, shaped by performance, observation, persuasion, and physiological states. In academic contexts, self-efficacy supports motivation, persistence, and learning strategies, with higher levels linked to greater effort, resilience, and advanced cognitive skills such as problem-solving and critical thinking (Bandura, 1997; Multon et al., 1991; Vachova et al., 2023).
[bookmark: _heading=h.kgaupgxqd8cd]2.1.2. Critical Thinking Framework 
According to Paul and Elder (2014), critical thinking is “that mode of thinking - about any subject, content, or problem - in which the thinker improves the quality of his or her thinking by skillfully analyzing, assessing, and reconstructing it.” It is described as self-directed, self-disciplined, self-monitored, and self-corrective thinking. The Paul-Elder model of critical thinking includes three main parts: Standards; Elements; and Traits. The elements represent the basic structure of reasoning, the standards guide the assessment of validity and logic, and the traits reflect the qualities of effective thinkers, such as open-mindedness and integrity (Thompson, Ralston and Hieb, 2020).
[bookmark: _heading=h.fqnj76f3g5ms]2.1.3. Technology Acceptance and Dependence Perspective (UTAUT2)
The Unified Theory of Acceptance and Use of Technology (UTAUT) explains technology use through performance expectancy, effort expectancy, social influence, and facilitating conditions (Venkatesh et al., 2003), later expanded to UTAUT2 with motivation, value, and habit (Venkatesh et al., 2012). Widely applied in higher education, UTAUT2 explains students’ engagement with AI tools and informs examining critical thinking as a mediator (Or, 2023; Tamilmani et al., 2021; Acosta-Enriquez et al., 2024).
[bookmark: _heading=h.cbv78urcatl3]2.2. Academic Self-Efficacy (ASE)
[bookmark: _heading=h.q8zaatwiqlqx]Academic self-efficacy is grounded in Bandura’s social cognitive theory, which is about the influences among personal, behavioral, and social or environmental factors. Students with high ASE beliefs show a strong confidence in their ability to plan, organize, and execute academic tasks effectively (Zhang et al., 2024). Huang (2013) believed that the level of an individual's ASE can be influenced by gender, age, or domains such as mathematics and social sciences.
2.3. Critical Thinking (CT) 
Critical thinking is a core competency in higher education, rooted in philosophy and psychology (Lewis & Smith, 1993). Philosophical views emphasize ideal reasoning standards (Thayer-Bacon, 2000; Bailin, 2002), while psychological approaches focus on real cognitive processes (Sternberg, 1986). This study adopts Paul and Elder’s (2014) framework, defining critical thinking as the ability to analyze, evaluate, and reflect to inform judgment. Prior research identifies academic self-efficacy as a strong predictor of critical thinking (Dehghani et al., 2011; Wang, 2014; Vachova et al., 2023), and recent studies suggest AI interaction may further support reflective and complex thinking (Suriano et al., 2025).
2.4. AI Dependence (AID)
Dependence generally refers to a strong psychological need that shapes decision-making and behavior (Morales-García et al., 2024). While clinical dependence involves neurobiological processes linked to substances, AI dependence is better understood as a behavioral pattern in which individuals rely excessively on AI to think or make decisions for them. In academic contexts, tools such as ChatGPT can enhance efficiency and performance, yet overreliance may reduce critical engagement, creativity, and expose students to unverified information (Zhang et al., 2024). Consequently, scholars emphasize the need for learners to actively question, critique, and remain attentive to issues of privacy, power, and control, while preserving creativity in teaching and learning (Popenici & Kerr, 2017).
2.5. Hypotheses Development
Based on the conclusions of previous studies by Acosta-Enriquez et al. (2024) and Acosta-Enriquez et al. (2025), along with Bandura’s Self-Efficacy Theory (1997), Critical Thinking Framework by Paul and Elder (2014) and UTAUT2 model of Venkatesh et al. (2012), the proposed research model aims to determine the mediating role of critical thinking between academic self-efficacy and AI dependency.
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Figure 1. The proposed model
[bookmark: _heading=h.hyaqpwnjahcu]Source: Conducted by the authors (2025) 
H1: Academic self-efficacy negatively predicts AI dependence among university students in HCMC. 
Students tend to rely on generative technology for a variety of purposes, including but not limited to solving complex problems, group discussions and debates, personal tutor, practicing tests, etc. (Rahman and Watanobe, 2023). Nevertheless, as Zhang et al. (2024) have drawn out extensively from the self-efficacy theory, they put forward that lower confidence in one’s academic abilities tends to increase reliance on AI systems. This relationship has been supported by a variety of other studies. In an empirical study with 676 Peruvian students, Acosta-Enriquez et al. (2025) found out the direct impact of academic self-efficacy and AI dependency (β = 0.444, p < 0.001), even without mediating factors. In a similar vein, Estrada-Araoz et al. (2025) report a strong inverse correlation (r = -0.299, p < 0.05) between academic self-efficacy and dependence on artificial intelligence.
H2: Academic self-efficacy positively influences critical thinking among university students in HCMC. 
Scholars consistently identify academic self-efficacy as foundational to higher-order reasoning, as confidence in problem-solving and evidence evaluation underpins critical thinking (Dwyer et al., 2017; Gloudemans et al., 2013; Hyytinen et al., 2018). Empirical work confirms a positive association between self-efficacy and critical thinking (Dehghani et al., 2011), though direct causal studies remain limited and often rely on proxies such as metacognition (Vachova et al., 2023). Evidence suggests self-efficacious students apply higher-level learning strategies, including critical thinking (Wang et al., 2008), motivating this study’s focus on the direct effect of academic self-efficacy on critical thinking within AI-rich learning contexts.
H3: Critical thinking negatively predicts AI dependence among university students in HCMC. 
This puts forward that critical thinking functions as a regulatory skill that shifts students from unreflective, thoughtless reliance on generative AI technology towards a more reflective and cautious stance. In a large undergraduate sample, higher critical thinking scores significantly offset the likelihood to accept AI outputs at face value (Hou et al., 2025). Similarly, a systematic review posits over-reliance on AI dialogue systems’ decision-making can erode critical thinking capabilities, with risks of AI such as hallucinations, plagiarism and algorithmic biases (Zhai, Wibowo and Li, 2024). Complementary evidence from broader higher-ed research warns plagiarism, bias and transparency issues as dangers through which indiscriminate AI usage significantly undermines authentic inquiry and evaluative judgment (Dogaru et al., 2025). Taken together, prior work predicts a negative association between critical thinking and AI dependence. As such we posit that students with stronger critical thinking exhibit lower dependence on AI.
H4: Critical thinking mediates the relationship between academic self-efficacy and AI dependence among university students in HCMC.
Prior studies suggest that academic self-efficacy promotes higher-order cognitive processes such as critical thinking (Dehghani et al., 2011; Wang et al., 2014). At the same time, critical thinking helps students evaluate AI-generated outputs rather than relying on them unreflectively (Hou et al., 2025). Therefore, academic self-efficacy may indirectly reduce AI dependence through the development of stronger critical thinking skills.
3. Research method 
[bookmark: _heading=h.kjeb6hwnnw0v]3.1.	 Research design
This study utilizes a quantitative, cross-sectional design. Primary data are gathered using a survey-based method with a self-administered questionnaire. The Structural Equation Modeling (SEM) technique is the primary analytical framework utilized in this study as it enables the simultaneous testing of both measurement validity and structural relationships between latent constructs (Hair et al., 2021).
3.2. Research data
The​‍​‌‍​‍‌​‍​‌‍​‍‌ target population is undergrad students in the universities of HCMC. These students were chosen as they are the most likely to be exposed to AI-supported learning tools, and they are the most relevant group for the study's objective to understand technology-related learning behaviors. Information was gathered through non-probability convenience sampling, chosen because of the limited accessibility and time.
3.3. Questionnaire design
This questionnaire had two main parts. The first part measured demographic information, while the second consisted of the three latent constructs of measurement items: ASE, CT, and AID. Each item was rated on a five-point Likert scale from 1 ("Strongly disagree") to 5 ("Strongly agree").
Table 1. Questionnaire design and measurement items
Source: Conducted by the authors (2025) 
	Variables
	Items
	Support

	AI dependency
	I feel anxious when I cannot use AI tools for my academic tasks
	(Zhang et al., 2024)

	
	I rely excessively on AI to complete my academic assignments
	

	
	I have difficulty performing academic tasks without AI support
	

	
	I feel the need to use AI with increasing frequency to maintain my academic performance
	

	
	I find it difficult to control the time I spend using AI tools
	

	Academic self - efficacy
	I am confident in my ability to understand the most complex concepts presented in class. 
	(Zhang et al., 2024)

	
	I am certain I can do an excellent job on assignments and examinations. 
	

	
	I can master the skills being taught in my courses. 
	

	
	I am confident in my ability to learn course material independently. 
	

	
	I can successfully complete all assigned tasks regardless of their difficulty. 
	

	
	I am capable of achieving good academic results through my own merit. 
	

	
	I can achieve my academic goals even when facing challenges. 
	

	Critical thinking
	I carefully analyze information before accepting it as valid
	(Acosta-Enriquez et al., 2025)

	
	I evaluate different perspectives before reaching a conclusion
	

	
	I can identify the relevance and validity of arguments
	

	
	I question assumptions and seek evidence to support claims
	

	
	I develop creative solutions to complex problems
	

	
	I assess different opinions to determine their rationality.
	Jia, Xi-Hui, and Jui-Che Tu (2024)

	
	I am able to discern which information is credible and trustworthy.
	

	
	I will identify facts that are supported by evidence in the learning process.
	



4. [bookmark: _heading=h.2if1qmb4l2xr]Results and discussion
4.1.	Results
4.1.1.	Descriptive statistics
Table 2. Sample statistics by demographics
Source: Conducted by authors (2025)
	
	Category
	Frequency
	Percentage

	Gender 
	Male 
	116
	61.2%

	
	Female 
	183
	38.8%

	Age 
	Below 18 years old 
	2
	0.7%

	
	From 18 to 22 years old 
	288
	96.3%

	
	Above 22 years old 
	9
	3%

	Academic year 
	Freshman year
	73
	24.4%

	
	Sophomore year
	66
	22.1%

	
	Junior year
	105
	35.1%

	
	Senior year
	55
	18.4%

	University 
	Foreign Trade University HCMC Campus
	101
	33.8%

	
	University of Economics Ho Chi Minh City
	33
	11%

	
	Banking University of Ho Chi Minh City
	28
	9.4%

	
	Ho Chi Minh City University of Technology
	22
	7.4%

	
	Others 
	115
	38,4%



The sample included 299 undergraduate students, comprising 116 males (38.8%) and 183 females (61.2%). Most participants were aged 18-22 (96.3%). Academic year distribution was balanced, with 24.4% freshmen, 22.1% sophomores, 35.1% juniors, and 18.4% seniors. Students represented multiple universities and majors, enhancing sample diversity. Descriptive statistics showed generally positive responses, with mean scores ranging from 3.49-3.80 for academic self-efficacy, 3.45-3.93 for critical thinking, and 3.23-3.53 for AI dependence. Standard deviations were moderate (0.83-1.25), with no missing data.
Table 3. Sample descriptive metrics
Source: Conducted by authors (2025)
	Name
	Mean
	Median
	Observed min
	Observed max
	Standard deviation
	Skewness

	ase1
	3.625
	4.000
	1.000
	5.000
	0.889
	-0.427

	ase2
	3.783
	4.000
	1.000
	5.000
	0.948
	-0.523

	ase3
	3.492
	3.000
	1.000
	5.000
	0.897
	-0.100

	ase4
	3.753
	4.000
	1.000
	5.000
	0.906
	-0.546

	ase5
	3.535
	4.000
	1.000
	5.000
	1.002
	-0.227

	ase6
	3.803
	4.000
	1.000
	5.000
	0.902
	-0.369

	ase7
	3.495
	3.000
	1.000
	5.000
	0.966
	-0.232

	ct1
	3.886
	4.000
	1.000
	5.000
	0.830
	-0.630

	ct2
	3.926
	4.000
	1.000
	5.000
	0.878
	-0.631

	ct3
	3.753
	4.000
	1.000
	5.000
	0.876
	-0.214

	ct4
	3.676
	4.000
	1.000
	5.000
	0.888
	-0.325

	ct5
	3.452
	3.000
	1.000
	5.000
	0.971
	-0.303

	ct6
	3.913
	4.000
	1.000
	5.000
	0.861
	-0.558

	ct7
	3.786
	4.000
	1.000
	5.000
	0.889
	-0.255

	ct8
	3.846
	4.000
	1.000
	5.000
	0.871
	-0.428

	aid1
	3.525
	4.000
	1.000
	5.000
	1.177
	-0.666

	aid2
	3.462
	4.000
	1.000
	5.000
	1.251
	-0.452

	aid3
	3.381
	4.000
	1.000
	5.000
	1.149
	-0.505

	aid4
	3.301
	3.000
	1.000
	5.000
	1.135
	-0.391

	aid5
	3.231
	3.000
	1.000
	5.000
	1.192
	-0.335


[bookmark: _heading=h.w0cblru1u1g]
4.1.2.	Indicator reliability
Indicator reliability was assessed using outer loadings. Following Hair et al. (2021), loadings above 0.70 are preferred, while 0.60-0.70 are acceptable. All AID items loaded strongly, ASE and CT items met acceptable thresholds. Two CT indicators fell slightly below 0.70 but were retained for theoretical relevance.
Table 4. Outer loadings (indicator reliability)
Source: Conducted by authors (2025)
	Indicator
	Loading

	aid1
	0.831

	aid2
	0.856

	aid3
	0.887

	aid4
	0.727

	aid5
	0.800

	ase1
	0.661

	ase2
	0.718

	ase3
	0.710

	ase4
	0.769

	ase5
	0.700

	ase6
	0.740

	ase7
	0.735

	ct1
	0.722

	ct2
	0.662

	ct3
	0.710

	ct4
	0.759

	ct5
	0.691

	ct6
	0.710

	ct7
	0.686

	ct8
	0.664



Internal​‍​‌‍​‍‌​‍​‌‍​‍‌ consistency was measured by means of Cronbach's alpha, rho_A, and composite reliability. According to Hair et al. (2021), CR > 0.70 and alpha values above 0.70 are considered acceptable. In fact, all three constructs were beyond these ​‍​‌‍​‍‌​‍​‌‍​‍‌limits.
[bookmark: _heading=h.i7kdt3bu1vdw]4.1.3.	Internal consistency
Internal​‍​‌‍​‍‌​‍​‌‍​‍‌ consistency was measured through Cronbach’s alpha, rho_A, and composite reliability. Hair et al. (2021) suggest CR > 0.70 and alpha values above 0.70 as being acceptable. The three constructs had all these indicators going beyond the limits. Hence, these findings reflect high internal consistency reliability for the different ​‍​‌‍​‍‌​‍​‌‍​‍‌constructs.
Table 5. Internal consistency reliability
Source: Conducted by authors (2025)
	Construct
	Cronbach’s α
	rho_A
	Composite Reliability (CR)

	AID
	0.882
	0.944
	0.912

	ASE
	0.845
	0.851
	0.882

	CT
	0.852
	0.856
	0.885


[bookmark: _heading=h.tsr3zln4jprg]
4.1.4.	Convergent validity
Convergent​‍​‌‍​‍‌​‍​‌‍​‍‌ validity was measured by means of the Average Variance Extracted (AVE). According to Hair et al. (2021), an AVE value of 0.50 or more is considered acceptable. The AVE of CT (0.492) is just a little bit below the threshold that is pointed out by the authors, but Hair et al. (2021) also mention that an AVE value slightly lower than 0.50 can still indicate acceptable convergent validity if the composite reliability is higher than 0.70. Since the CR of CT was 0.885, convergent validity was considered ​‍​‌‍​‍‌​‍​‌‍​‍‌sufficient.
Table 6. Convergent Validity (AVE)
Source: Conducted by authors (2025)
	Construct
	AVE

	AID
	0.676

	ASE
	0.518

	CT
	0.492


[bookmark: _heading=h.9gyh39yqejrc]
4.1.5.	Discriminant validity of the scale
Each indicator most strongly reflects its respective latent construct (AID, ASE, or CT), and all the cross-loadings are significantly lower than the main loadings. This pattern meets the standard set by Leguina (2015), thus providing evidence that each item is a unique representative of the construct it aims to ​‍​‌‍​‍‌​‍​‌‍​‍‌measure.
Table 7. Cross-loading
Source: Conducted by authors (2025)
	
	aid
	ase
	ct

	aid1
	0.831
	-0.045
	-0.043

	aid2
	0.856
	-0.049
	-0.001

	aid3
	0.887
	-0.071
	-0.071

	aid4
	0.727
	-0.031
	-0.000

	aid5
	0.800
	-0.034
	-0.022

	ase1
	0.001
	0.661
	0.383

	ase2
	0.065
	0.718
	0.447

	ase3
	-0.053
	0.710
	0.507

	ase4
	-0.028
	0.769
	0.587

	ase5
	-0.031
	0.700
	0.463

	ase6
	-0.096
	0.740
	0.508

	ase7
	-0.130
	0.735
	0.538

	ct1
	0.034
	0.486
	0.722

	ct2
	0.108
	0.385
	0.662

	ct3
	-0.024
	0.485
	0.710

	ct4
	-0.109
	0.528
	0.759

	ct5
	-0.007
	0.558
	0.691

	ct6
	-0.038
	0.495
	0.710

	ct7
	-0.078
	0.438
	0.664

	ct8
	-0.081
	0.458
	0.686


[bookmark: _heading=h.2oyifk1u8vi6]
4.1.6. Path Coefficients and Significance
[bookmark: _heading=h.ejcg08xh67i4]Path relationships among the latent constructs were examined using the PLS-SEM algorithm, followed by bootstrapping with 5,000 subsamples. The results are presented in Table 4.10.
Table 8. Path coefficients and bootstrapping results
Source: Conducted by authors (2025)
	Structural Path
	β
	t-value
	p-value
	95% CI (Bias-corrected)

	ASE → CT
	0.690
	17.367
	0.000
	[0.594; 0.756]

	CT → AID
	0.003
	0.025
	0.980
	[-0.237; 0.223]

	ASE → AID
	-0.062
	0.589
	0.556
	[-0.196; 0.246]



Only one structural relationship was statistically significant, that is ASE → CT. It was positive and strongly significant (β = 0.690, p < 0.001). Students with higher academic self-efficacy demonstrated stronger critical thinking skills.
Neither ASE → AID nor CT → AID reached statistical significance, and both effects were extremely small in magnitude. These results imply that neither a student’s self-efficacy nor their critical thinking skills meaningfully predict their level of AI dependence in this sample.
[bookmark: _heading=h.451z469va5yj]4.1.7. R² Values
R² values indicate the proportion of variance explained in each endogenous construct.
Table 9. R² Values
Source: Conducted by authors (2025)
	Construct
	R²
	R² Adjusted

	CT
	0.476
	0.474

	AID
	0.004
	-0.003



R² = 0.476 for CT reflects moderate explanatory power. Academic self-efficacy alone accounts for 47.6% of the variance in critical thinking. However the R² = 0.004 for AID indicates negligible explanatory power. ASE and CT together explain less than 1% of the variance in AI dependence - aligns with the statistically insignificant paths toward AID.
[bookmark: _heading=h.1bxd28v3i2hi]4.1.8. Mediation analysis
Mediation analysis was conducted to test whether critical thinking transmitted the effect of academic self-efficacy to AI dependence. The indirect effect was trivial and non-significant (β = 0.002, t = 0.024, p = 0.981) and the confidence interval included zero. Because the key mediator-outcome path was non-significant, the requirements for mediation were not met. Accordingly, critical thinking cannot be concluded to mediate the relationship between academic self-efficacy and AI dependence.

Table 10. Specific indirect effect
Source: Conducted by authors (2025)
	Indirect Path
	β
	t-value
	p-value

	ASE → CT → AID
	0.002
	0.024
	0.981


[bookmark: _heading=h.oo47ti8hnmo3]
4.2.	Discussion
The results show that academic self-efficacy significantly and positively predicts critical thinking (H1 supported), while neither academic self-efficacy nor critical thinking has a significant direct effect on AI dependence (H2 and H3 not supported). 
The strong association between academic self-efficacy and critical thinking (β = 0.690, p < 0.001) is consistent with established theory and empirical evidence indicating that students with higher confidence in their academic abilities are more likely to engage in higher-order cognitive processes such as analysis and problem-solving (Bandura, 1997; Phan, 2010; Wang, 2014; Vachova et al., 2023). This pattern is also evident among university students in HCMC.
In contrast, AI dependence appears to be shaped primarily by external and instrumental factors, including time efficiency, task management, and performance optimization, rather than by internal academic beliefs (Tran et al., 2020; Alshamy et al., 2025). Similarly, critical thinking shows no significant relationship with AI dependence, aligning with studies suggesting that technology reliance is driven more by behavioral and contextual factors such as habit formation and social normalization than by cognitive skills (Hong et al., 2019; Rashid, 2025).
Following Baron and Kenny (1986), the absence of a significant link between critical thinking and AI dependence explains the lack of a mediating effect, consistent with Acosta and Enriquez et al. (2025). Overall, the findings highlight a gap between cognitive competence and technology-related behavior and suggest that managing AI dependence requires structural and institutional interventions rather than cognition-focused approaches.
5. Conclusion
[bookmark: _heading=h.grjgnoip9sk1]​‍​‌‍​‍‌​‍​‌‍	This study shows that while academic self-efficacy remains a strong predictor of critical thinking, it does not reduce AI dependence among university students in HCMC. However, the absence of both direct and mediating effects indicates that internal cognitive resources alone are insufficient to regulate reliance on technology. Instead, AI dependence could appear to be shaped more by habitual use, institutional norms, and perceived utility than by individual cognition. Therefore, these findings emphasize the importance of developing context-specific theoretical models and interventions. Moreover, enhancing critical thinking without corresponding governance and ethical frameworks may improve cognitive outcomes, yet leave behavioral risks unaddressed. Consequently, a balanced approach that integrates psychological development with institutional regulation is essential for sustainable AI use in Vietnamese higher education.
5.3. Limitations of the study 
Despite efforts to explore new insights, this study has several limitations. First, the cross-sectional design involved data collection at a single point in time, which limits the ability to infer causal relationships or the direction of influence among academic self-efficacy, critical thinking, and AI dependence over time. Second, although the sample included students from multiple universities in HCMC, the findings may not fully represent students in rural areas or other regions of Vietnam. Differences in educational contexts, cultural norms, and levels of digital infrastructure between urban and rural settings may lead to distinct patterns of AI use and dependence. ​‍​‌‍​‍‌​‍​‌
5.4. [bookmark: _heading=h.g7msk0euxuc5]Future research directions 
By​‍​‌‍​‍‌​‍​‌‍​‍‌ acknowledging the identified gaps, this paper sets up a basis for more research. Firstly, the subsequent research should utilize time series research to observe the fluctuation of academic self-efficacy, critical thinking, and AI dependence over time. This enables the researchers to more deeply investigate causal relationships and the direction of the influence among these variables, instead of only their associations at a single time point.
Moreover, to get results that can be generalized to the larger population, the next research should widen the sample by including students from remote areas and other provinces of Vietnam. This would facilitate the understanding of differences in cultural background, digital infrastructure, and educational environments that can, in fact, have an impact on AI ​‍​‌‍​‍‌​‍​‌‍​‍‌dependence.
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