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Abstract
Although generative AI tools are increasingly used in college students’ academic activities, their role in stress-
related maladaptive coping remains unclear. This study focuses specifically on maladaptive AI dependence as a 
potential mediator linking academic stress to academic burnout and anxiety. A total of 1,623 college students 
completed an online survey using the Academic Stress Scale, the AI Dependence Scale, the General Self-Efficacy 
Scale, the Academic Burnout Scale, and the GAD-7. PROCESS Model 6 was used to examine direct, indirect, and 
sequential mediation effects separately for academic burnout and anxiety. The results showed that academic stress 
positively predicted both academic burnout and anxiety. Sequential mediation analyses revealed that academic 
stress was associated with increased AI dependence, which may reduce students’ mastery experiences and 
encourage reliance on external support, thereby undermining self-efficacy and ultimately contributing to higher 
levels of burnout and anxiety. These findings suggest that excessive reliance on AI as a stress-coping strategy 
may weaken students’ sense of competence and increase their vulnerability to academic burnout and anxiety. 
Educational interventions should therefore promote reflective and autonomy-supportive AI use, positioning AI as a 
learning scaffold rather than a substitute for students’ own cognitive engagement.

Keywords  AI dependence, Academic stress, Self-efficacy, Academic burnout, Anxiety, Cognitive offloading, College 
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​​Introduction
In recent years, the learning style of college students has 
been dramatically changed with the widespread use of 
Generative Artificial Intelligence (GAI), represented by 
ChatGPT, Gemini, and DeepSeek. These artificial intelli-
gence applications are able to write coherent texts, solve 
complicated problems, and give immediate responses; 
college students have widely used them in their routine 
academic activities such as searching for information, 
accomplishing assignments and preparing for exams. 
Although AI tools have since become a recognized effi-
cient option to assist college students in coping with their 
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academic tasks, there are growing anxieties about the 
psychological and cognitive effects of the excessive or 
maladaptive use of AI tools, in the context of increased 
academic stress [20, 46].

It is important to distinguish between AI use and AI 
dependence, which represent conceptually different 
constructs. AI use refers to the frequency or manner 
in which individuals engage with AI tools for academic 
tasks. In contrast, AI dependence reflects a qualitatively 
different level of engagement, characterized by reduced 
autonomy and increased reliance on AI for cognitive 
processing and problem-solving [1]. While AI use can 
be adaptive and supportive under certain conditions, AI 
dependence may function as a maladaptive coping strat-
egy, particularly when individuals rely on AI as a substi-
tute for their own cognitive efforts.

Cognitive offloading theory suggests that people 
increasingly rely on external tools to store, process, or 
generate information, thereby reducing the need for 
active cognitive engagement [30]. In the context of AI-
assisted learning, excessive reliance on AI tools may lead 
students to substitute their own cognitive efforts with 
algorithmic outputs, potentially reshaping how they 
engage with academic tasks [11].

Although AI dependence is receiving increasing dis-
cussion in the context of education, empirical studies 
of psychological outcomes concerning AI dependence 
have been insufficient. Current research has focused on 
academic integrity, learning performance, or attitudes 
towards AI, as opposed to its role as a stress coping 
mechanism with mental health implications [9]. Fur-
thermore, little attention has been paid to how academic 
stress can be an antecedent to AI dependence or how AI 
dependence can influence motivational variables such 
as self-efficacy to regulate negative academic outcomes, 
which include burnout and anxiety.

Academic stress and its relations to academic burnout and 
anxiety
Academic stress is accumulated over a long period, 
including heavy coursework, frequent testing, competi-
tion, time pressure, and worry about future career oppor-
tunities [5, 27]. According to the transactional model of 
stress, stress is experienced when individuals perceive 
environmental demands exceed their available coping 
resources [16]. In academic practice, this appraisal pro-
cess is important in determining emotional and behav-
ioral responses of students, making academic stress 
becomes a major antecedent of maladaptive outcomes, 
including academic burnout and anxiety.

Academic burnout is typically viewed as a condition of 
emotional exhaustion, cynicism, or a lack of involvement 
with academic practice as well as a diminished perception 
of academic achievement [21, 34]. Empirical research 

consistently demonstrates that higher levels of perceived 
academic stress are associated with greater academic 
burnout among university students across diverse cul-
tural contexts [19, 31]. Salmela-Aro and Upadyaya, [32] 
discovered that chronic stress caused by academic study 
predicted higher levels of exhaustion and disengagement 
over time. Notably, burnout has been attributed to vari-
ous unfavorable academic phenomena, such as decreased 
motivation, academic performance, increasing absentee-
ism, and dropout intentions [22]. These results under-
score the problem of academic burnout as one of the 
key indicators of damaged student well-being caused by 
incessant academic strain.

Anxiety is another psychological outcome of academic 
stress. According to meta-analytic studies, academic 
stress can be a strong predictor of anxiety symptoms 
in college students, and even surpass the effect of other 
non-academic life stressors [27]. Competition in tests, 
fear of failing, and unpredictability about academic per-
formance are the main factors that lead to chronic anxi-
ety, which can inhibit the ability to focus on learning 
material, working memory, and self-regulated learning 
[26]. Anxiety and burnout are not exclusive, they tend to 
co-exist and reinforce each other. Emotional exhaustion 
may increase anxiety by diminishing individual’s coping 
capacity, while chronic anxiety may accelerate burnout 
due to increasing emotional strain [7].

The mediating roles of AI dependence and self-efficacy
According to the Cognitive Offloading Theory, indi-
viduals externalize cognitive processes to tools or tech-
nologies in order to reduce mental effort and manage 
limited cognitive resources [30]. College students under 
academic stress particularly tend to offload cognitive 
demands to AI tools that provide quick, organized, and 
seemingly authoritative answers. Recent research indi-
cates that students are increasingly applying generative 
AI not only to request information, write, and solve prob-
lems, but also to outsource fundamental learning pro-
cesses to AI systems [15, 44].

Related studies on technologies such as smartphones 
and search engines have indicated that frequent cogni-
tive offloading is linked to less critical thinking, worse 
memory retrieval, and excessive reliance on external 
assistance [3, 38]. Therefore, AI dependence can be a 
maladaptive mediator between academic stress and nega-
tive academic and psychological consequences, such as 
burnout and anxiety.

One of the key psychological processes by which AI 
dependence can exert its effects is self-efficacy, which 
refers to the perception of one’s capacity to accomplish 
tasks and conquer challenges [2], and serves as the 
major predictor of motivation, perseverance, and emo-
tional health in academic context. Previous research has 
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revealed that higher academic self-efficacy is associated 
with better learning strategies, lower stress, reduced anx-
iety, and may protect students against academic burnout 
[14, 34].

Recent research suggest that engagement with genera-
tive AI may initially enhance perceived competence while 
simultaneously increasing reliance on external cognitive 
supports [43]. This dynamic creates a paradoxical effect 
where immediate task success masks a gradual decline in 
the development of autonomous skills.

This concern is supported by emerging empirical evi-
dence. Several studies have indicated that frequent 
dependence on AI tools is related to lower perceived 
learning and less confidence in problem-solving skills, 
despite improvements in short-term performance [10, 
15]. As students habitually offload core cognitive func-
tions, they may experience fewer mastery experiences 
[45], thereby leading to a diminished self-efficacy.

From a broader perspective, the relationships between 
academic stress and downstream psychological outcomes 
are increasingly understood as being shaped through 
cognitively mediated processes. Recent research in higher 
education has demonstrated that academic outcomes are 
frequently structured through such indirect, anxiety-
mediated pathways [42]. Accordingly, AI dependence and 
self-efficacy can be framed as critical elements embedded 
within this broader stress-processing mechanism.

The present study
Despite growing research on generative AI in educa-
tion, several important gaps remain. Most studies have 
focused on performance, integrity, or attitudes toward 
AI, with little attention to AI dependence as a psycholog-
ical coping mechanism under academic stress. Moreover, 
the mechanisms linking academic stress to burnout and 
anxiety in AI-supported contexts remain unclear, par-
ticularly how AI dependence interacts with motivational 
factors like self-efficacy.

To address these gaps, the present study proposes 
an integrative framework grounded in the Cognitive 
Offloading Theory [30] and transactional model of stress 
and coping [16], exploring how academic stress may 
translate into academic burnout and anxiety in the con-
temporary AI-rich learning environment.

Based on existing empirical evidence and theoretical 
reasoning, the following hypotheses are proposed:

Hypothesis 1 (H1). Academic stress will be positively 
related to academic burnout and anxiety.
Hypothesis 2 (H2). AI dependence mediates the 
relationship between academic stress and academic 
burnout/anxiety.

Hypothesis 3 (H3). Self-efficacy mediates the 
relationship between academic stress and academic 
burnout/anxiety.
Hypothesis 4 (H4). AI dependence and self-efficacy 
play as chain mediators in the relationship between 
academic stress and academic burnout/anxiety.

Method
Participants and procedure
Participants were undergraduate students recruited from 
universities in China through an online survey platform. 
A convenience voluntary online sampling approach was 
adopted, and the questionnaire was distributed through 
social media platforms and university networks. All par-
ticipants completed the questionnaire voluntarily and 
anonymously after providing informed consent.

Responses were excluded if participants failed the 
fixed-answer items (questions with obvious answers to 
detect casual respondents) or spent less than 2  min or 
more than 30 min on the entire questionnaire, indicating 
inattentive or invalid responding.

After the process, the total number of valid samples was 
1623. To further assess the adequacy of the sample size, a 
post-hoc power analysis was conducted using G*Power 
3.1.9.7. Assuming a small-to-medium effect size (f ² = 
0.05), an alpha level of 0.05, and multiple predictors, the 
results indicated that the sample size of 1,623 provided 
statistical power greater than 0.99. This suggests that the 
present study had sufficient power to detect the hypothe-
sized effects. Among the valid samples, 46.27% were male 
(751), and 53.73% were female (872). The average age of 
the sample was 19.47 years (SD = 1.08). In terms of aca-
demic characteristics, participants were drawn from dif-
ferent years of study and a range of academic disciplines, 
including social sciences, natural sciences, and engineer-
ing. This diversity enhances the representativeness of the 
sample within the higher education context.

Measures
Academic stress
This study used the subscale of academic stress from the 
Stress Scale for College Students [17]. It includes 10 items 
and uses a 4-point Likert scale (1 = no stress, 4 = severe 
stress), with higher scores indicating higher academic 
stress. This scale has demonstrated with good reliability 
and validity and has been widely applied in relevant stud-
ies. In this study, the Cronbach’s α coefficient of this scale 
was 0.91.

AI dependence
The DAI scale, developed by [24], was employed to mea-
sure individuals’ dependence on artificial intelligence. 
The scale assesses AI dependence rather than general AI 
use, focusing on individuals’ reliance on AI for cognitive 
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Before conducting inferential analyses, the assumptions 
of normality were evaluated. All variables fell within the 
acceptable range (skewness within ± 2, kurtosis within ± 
7) [40], indicating no serious deviation from normality.

Multicollinearity was assessed using variance inflation 
factors (VIF), with all values below the recommended 
threshold of 5 (ranging from 1.08 to 1.19), and tolerance 
values were all above 0.10 (ranging from 0.84 to 0.93), 
indicating that multicollinearity was not a concern in this 
study.

To test the hypothesized mediation model, the Model 6 
of PROCESS V4.2 macro plugin [13] was used for serial 
mediation analysis. This model allows for the exami-
nation of both independent and sequential mediating 
effects. In the present study, AI dependence was speci-
fied as the first mediator (M1) and self-efficacy as the 
second mediator (M2). Accordingly, the path from AI 
dependence to self-efficacy represents the d21 path in the 
serial mediation model. To enhance the precision of our 
estimates, gender, grade level, and academic major were 
treated as control variables in the mediation analysis.

Indirect effects were tested using a bootstrapping pro-
cedure with 5,000 resamples. Statistical significance was 
determined based on the 95% bias-corrected confidence 
intervals (LLCI and ULCI). An indirect effect was consid-
ered significant if the confidence interval did not include 
zero.

Two separate mediation models were estimated: one 
with academic burnout as the dependent variable and the 
other with anxiety as the dependent variable.

Results
Common method bias control
Before conducting the questionnaire, the order of 
instructions and items was controlled to reduce response 
resistance and bias caused by homogeneous measure-
ment scales. As all the measurements in this study were 
self-report questionnaires, which may cause common 
method bias, Harman’s single-factor test was conducted. 
The results showed that the first factor explained 32.83% 
of the total variance, which is lower than the recom-
mended threshold for a single dominant factor [41]. This 
indicates that there was no significant common method 
bias in this study.

Descriptive statistics and correlations among variables
The means, standard deviations, and correlations among 
the key variables are presented in Table 1.

As shown in Table  1, academic stress was positively 
correlated with AI dependence (r = 0.26, p < 0.001), aca-
demic burnout (r = 0.59, p < 0 0.001) and anxiety (r = 0.56, 
p < 0 0.001), and negatively correlated with self-efficacy 
(r = -0.34, p < 0.001). AI dependence was positively cor-
related with academic burnout (r = 0.34, p < 0.001) and 

tasks and decision-making, rather than the frequency of 
tool usage. It incorporated advised criteria of compul-
sive behaviors or dependencies in DSM-5 [12]. This scale 
includes 5 items, such as “I feel unprotected when I do 
not have access to AI”, “I’m concerned about the idea of 
being left behind in my tasks or projects if I do not use 
AI”. The DAI scale was presented in a 5-point Likert for-
mat with response options ranging from 1 (completely 
false for me) to 5 (describes me perfectly). In this study, 
the Cronbach’s α coefficient of this scale was 0.76.

Self-efficacy
The General Self-Efficacy Scale (GSES) was used to mea-
sure the college students’ belief in their competence 
to cope with stressful tasks in study and campus life 
(Schwarzer & Jerusalem, [36]). This scale incorporates 10 
items with a 4-point Likert format (1 = totally incorrect, 
4 = totally correct), with a higher score indicating better 
self-efficacy. In this study the Cronbach’s α coefficient 
was 0.93.

Academic burnout
This study employed the Academic Burnout Scale devel-
oped by Lian et al., [18]. The scale measures three dimen-
sions of academic burnout: low mood, misconduct, and 
low sense of achievement. It has 20 items with a 5-point 
Likert format (1 = completely disagree, 5 = completely 
agree), with a higher score indicating more significant 
academic burnout. In this study the Cronbach’s α coef-
ficient of this scale was 0.95.

Anxiety
The scale of Generalized Anxiety Disorder (GAD-7) [39] 
was used, which consists of 7 items. A 4-point Likert 
format was applied (1 = not at all, 4 = almost every day), 
with higher scores indicating more severe anxiety symp-
toms. This scale has excellent reliability (Cronbach’s α = 
0.92), and in this study, the Cronbach’s α coefficient for 
this scale was also 0.92.

Statistical methods
Data were analyzed using SPSS 27.0. Prior to the main 
analyses, data screening procedures were conducted. 
Outliers were examined using standardized z-scores, 
with values exceeding ± 3 considered potential outli-
ers. No extreme outliers were identified that required 
removal. In addition, cases with missing or invalid 
responses had already been excluded during the data 
cleaning stage.

Descriptive statistics and Pearson correlation analyses 
were conducted to examine the relationships among the 
key variables. To assess common method bias, Harman’s 
single-factor test was performed.
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anxiety (r = 0.32, p < 0 0.001), and negatively correlated 
with self-efficacy (r = -0.16, p < 0 0.001). Self-efficacy was 
negatively correlated with academic burnout (r = -0.44, 
p < 0 0.001) and anxiety (r = -0.29, p < 0 0.001).

Mediation analysis of model 1
Model 1 examined the mediating roles of AI depen-
dence and self-efficacy in the relationship between aca-
demic stress and academic burnout. The results of the 
path coefficients are shown in Fig. 1 and Table 2, and the 
mediation effects are presented in Table 3.

Table 1  Descriptive statistics and correlation matrix
Variable Mean SD 1 2 3 4 5
1. Academic stress 2.16 0.56 - 0.26*** -0.34*** 0.59*** 0.56***

2. AI dependence 2.98 0.74 - - -0.16*** 0.34*** 0.32***

3. Self-efficacy 2.48 0.61 - - - -0.44*** -0.29***

4. Academic burnout 2.58 0.75 - - - - 0.53***

5. Anxiety 1.60 0.58 - - - - -
* p < 0.05, ** p < 0.01, *** p < 0.001

Table 2  Results of the chain mediation model 1
Outcome Predictor R² F SE t β
Academic burnout Academic stress 0.35 872.34*** 0.267 29.535 0.592***

AI dependence Academic stress 0.07 121.26*** 0.031 11.01 0.264***

Self-efficacy Academic stress 0.12 112.49*** 0.026 -13.37 -0.323***

AI dependence 0.020 -3.03 -0.073**

Academic burnout Academic stress 0.44 431.88*** 0.027 22.54 0.456***

AI dependence 0.020 9.48 0.183***

Self-efficacy 0.024 -12.89 -0.255***
βStandardized coefficient

*p < 0.05, ** p < 0.01, *** p < 0.001

Table 3  Mediation effect analysis of model 1
Effect Type Path Effect BootSE LLCI ULCI
Direct Effect Academic stress→Academic burnout 0.608 0.035 0.540 0.677

Indirect Effect Academic stress→AI dependence→Academic burnout 0.064 0.010 0.045 0.086

Academic stress→Self-efficacy→Academic burnout 0.110 0.015 0.081 0.141

Academic stress→AI dependence→Self-efficacy→Academic burnout 0.007 0.003 0.002 0.012

Total Indirect Effect 0.180 0.018 0.146 0.217

Total Effect 0.788 0.031 0.727 0.848
Bootstrap results based on 5000 samples. CI = 95% Confidence Interval. If 0 is not between LLCI and ULCI, the effect is significant

Fig. 1  Paths of model 1 (the coefficients are standardized)
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According to PROCESS V4.2, the 95% confidence 
interval for the mediating effect was estimated by 
extracting 5,000 bootstrap samples. The results showed 
that the regression model was significant, with R2 = 0.35, 
F (1, 1621) = 872.34, p < 0.001. Academic stress positively 
predicted AI dependence (β = 0.26, p < 0.001). AI depen-
dence, in turn, negatively predicted self-efficacy (β = 
-0.07, p < 0.01). Finally, self-efficacy negatively predicted 
academic burnout (β = -0.26, p < 0.001).

Direct effect
The results indicated that the direct effect of academic 
stress on academic burnout was 0.61 (95% CI = [0.54, 
0.68]), which remained significant after controlling for 
the mediators.

Indirect effects
The total indirect effect through AI dependence and self-
efficacy was 0.18 (95% CI = [0.15, 0.22]). Specifically, this 
total indirect effect consists of three significant specific 
indirect pathways: (a) the indirect effect via AI depen-
dence alone was 0.06 (95% CI = [0.05, 0.09]); (b) The 
indirect effect via self-efficacy alone was 0.11 (95% CI = 
[0.08, 0.14]); (c) the sequential indirect effect (academic 
stress→AI dependence→self-efficacy→academic burn-
out) was 0.01(95% CI = [0.002, 0.012]).

Mediation analysis of model 2
Model 2 examined the mediating roles of AI dependence 
and self-efficacy in the relationship between academic 
stress and anxiety. The results of the path coefficients are 
shown in Fig. 2 and Table 4, and the mediation effects are 
presented in Table 5.

The same statistical method was repeated, and the 
results showed that the regression model was significant, 
with R2 = 0.31, F (1, 1621) = 734.61, p < 0.001. Academic 
stress positively predicted AI dependence (β = 0.26, 
p < 0.001). AI dependence, in turn, negatively predicted 
self-efficacy (β = -0.07, p < 0.01). Finally, self-efficacy neg-
atively predicted anxiety (β = -0.10, p < 0.001).

Direct effect
The direct effect of academic stress on anxiety was 0.49 
(95% CI = [0.44, 0.55]), which remained significant after 
controlling for the mediators.

Indirect effects
The total indirect effect through AI dependence and self-
efficacy was 0.084 (95% CI = [0.06, 0.11]). It consists of 
three significant specific indirect pathways: (a) the indi-
rect effect via AI dependence alone was 0.05 (95% CI 
= [0.03, 0.06]); (b) The indirect effect via self-efficacy 
alone was 0.03 (95% CI = [0.02, 0.05]); (c) the sequential 

Table 4  Results of the chain mediation model 2
Outcome Predictor R² F SE t β
Anxiety Academic stress 0.31 734.61 0.021 27.10 0.558***

AI dependence Academic stress 0.07 121.26*** 0.031 11.01 0.264***

Self-efficacy Academic stress 0.12 112.49*** 0.026 -13.37 -0.323***

AI dependence 0.020 -3.03 -0.073**

Anxiety Academic stress 0.35 293.23*** 0.023 21.84 0.477***

AI dependence 0.016 8.43 0.175***

Self-efficacy 0.020 -4.77 -0.102***
βStandardized coefficient

*p < 0.05, ** p < 0.01, *** p < 0.001

Fig. 2  Paths of model 2 (the coefficients are standardized)
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indirect effect (academic stress→AI dependence→self-
efficacy→anxiety) was 0.002 (95% CI = [0.001, 0.004]).

Discussion
Direct effect of academic stress on academic burnout and 
anxiety
The current results indicate that academic stress has a 
significant and direct influence on academic burnout and 
anxiety as two negative psychological outcomes among 
college students. Despite the introduction of the mediat-
ing effect of AI dependence and self-efficacy, academic 
stress was still found to be a strong predictor of academic 
burnout and anxiety, which implies that academic stress 
is a fundamental psychological risk factor for the mental 
well-being and academic performance of students.

Academic stress is a chronic demand that challenges 
the adaptive capacity of students, making it harder to 
maintain motivation, focus, and emotional control. Espe-
cially the COVID-19 pandemic has significantly inten-
sified academic stress among university students due 
to increased academic workload, disruptions in learn-
ing environments, and prolonged social isolation [6]. 
Although stress levels have shown some recovery after 
the pandemic, changes in students’coping patterns and 
learning behaviors appear to persist, indicating long-
term effects on academic adjustment [8].

The strong positive correlation between academic 
stress and burnout reported in this paper is in line with 
the findings of previous research. Longitudinal and cross-
sectional studies across different cultural contexts have 
repeatedly shown that academic stress is one of the most 
powerful predictors of students academic burnout [19, 
33]. Furthermore, the direct effect of academic stress on 
anxiety is consistent with cognitive-behavioral models, 
which suggest that the prolonged presence of stressors 
(exams, grades, academic competition, and so on) causes 
worry, physiological arousal, and negative threat assess-
ment, which in turn leads to increased anxiety level [29].

Notably, the direct effects in the current research indi-
cate that academic stress has an immediate impact on the 
psychological functioning of students. Academic stress 
remains an independent predictor of negative psycholog-
ical outcomes, even in an era where technological aids, 
such as AI tools, are more accessible to facilitate study. 

This observation supports the idea that the psychologi-
cal burden of high academic demands cannot be reduced 
solely through the help of technology. Rather, structural 
and pedagogical factors, including curriculum design, 
assessment practices, and institutional expectations, are 
still considered to be the major determinants of student 
well-being.

Furthermore, the fact that both direct and indirect 
effects exist implies a partial rather than full mediation. It 
shows that although dependence on AI and self-efficacy 
contribute to the explanation of the relationship between 
academic stress and burnout/anxiety, they are insufficient 
to fully explain this relationship. Other processes, includ-
ing maladaptive coping skills, perfectionism, and low 
levels of social support, can also be significant factors. 
Future studies can embrace integrative models that take 
into consideration both technological and psycho-social 
mediators in attempting to explain the stress-mental 
health relationship in modern academic environments.

Mediation effect of AI dependence
The current results clearly indicate that AI dependence 
is a mediating factor between academic stress and both 
academic burnout and anxiety, highlighting AI depen-
dence as a psychologically significant pathway through 
which academic stress can evolve into maladaptive aca-
demic and emotional health outcomes. Specifically, 
increased academic stress positively predicted increased 
dependence on AI tools, which, in turn, may cause higher 
levels of academic burnout and anxiety, even after con-
trolling for the impact of self-efficacy.

In a stress and coping approach, highly stressed stu-
dents might consider AI tools as a compensatory cop-
ing mechanism to deal with academic workload, time 
pressure, and performance demands. According to the 
transactional model of stress and coping, individuals 
under stress actively seek resources to reduce perceived 
demands or emotional strain [16]. AI tools, such as large 
language models, can be used as external cognitive aids 
to complete tasks and alleviate stress in the short term. 
However, the current evidence suggests that as this 
dependence becomes habitual or excessive, it can turn 
into AI dependence, which may come at a psychological 
cost rather than a benefit.

Table 5  Mediation effect analysis of model 2
Effect Type Path Effect BootSE LLCI ULCI
Direct Effect Academic stress→Anxiety 0.492 0.028 0.438 0.549

Indirect Effect Academic stress→AI dependence→Anxiety 0.048 0.008 0.033 0.064

Academic stress→Self-efficacy→Anxiety 0.034 0.008 0.018 0.050

Academic stress→AI dependence→Self-efficacy→Anxiety 0.002 0.001 0.001 0.004

Total Indirect Effect 0.084 0.012 0.062 0.105

Total Effect 0.575 0.027 0.525 0.628
Bootstrap results based on 5000 samples. CI = 95% Confidence Interval. If 0 is not between LLCI and ULCI, the effect is significant
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The present findings can also be interpreted within 
the broader framework of cognitive offloading. Prior 
research has shown that cognitive offloading mediates 
the relationship between AI tool use and key academic 
outcomes, such as critical thinking, with greater reli-
ance on AI associated with reduced active cognitive pro-
cessing [44]. From this perspective, AI dependence may 
reflect a cognitively mediated coping pattern in which 
students reduce their cognitive effort by relying on exter-
nal systems, thereby limiting opportunities for self-regu-
lation and mastery.

In addition, the association between academic stress 
and anxiety was also mediated by AI dependence. This 
observation is consistent the recent evidence that exces-
sive dependence on AI could increase uncertainty, per-
formance issues, and evaluative anxiety, especially when 
students lose confidence in their capabilities in the 
absence of technology [37]. When students are under 
high academic stress, AI dependence can lead to a 
reduced sense of competence due to the fear of failure, or 
an inability to study independently, which can then give 
rise to stress-related symptoms.

The mediation effect of AI dependence shows that AI 
dependence is not only a passive phenomenon that is 
influenced by academic stress, but also an important con-
tributor to negative academic and psychological conse-
quences. It implies that AI dependence cannot be defined 
only as a neutral or adaptive learning strategy, but it can 
function as a maladaptive coping behavior in the case 
of chronic academic stress. This explanation aligns with 
the research regarding the negative or excessive use of 
technology, which suggests that such over-reliance may 
become dysfunctional when it substitutes, rather than 
facilitates, self-regulated learning and cognitive processes 
[23].

These results reveal AI dependence as an important 
psychological process between academic stress and burn-
out/anxiety during the digital learning age. Although AI 
tools have significant potential to facilitate the learning 
process, excessive use of the tool can also promote stress. 
This reminds us of the need to differentiate between 
adaptive AI-assisted learning and maladaptive AI depen-
dence in research and education practice. Interventions 
to decrease academic burnout and anxiety may thus not 
just deal with academic stressors, but also encourage 
reflective, balancing, and autonomy-favoring applications 
of AI technologies.

Mediation effect of self-efficacy
The findings of the study have shown that self-efficacy 
plays an important mediating role in the relationship 
between academic stress and academic burnout, as well 
as anxiety. In particular, an increase in academic stress 
was linked to a decrease in self-efficacy, which further 

predicted an increase in academic burnout and anxiety. 
These results demonstrate that self-efficacy is a key psy-
chological process through which academic stress com-
promises the academic involvement and mental health of 
students.

Within the social cognitive perspective, self-efficacy 
indicates individuals’ perceptions of their ability to orga-
nize the required actions to cope with potential condi-
tions in the future [2]. Self-efficacy in an academic setting 
affects the interpretation of stressors, the effort that a stu-
dent applies, and also their ability to solve a problem. The 
current findings suggest that academic stress negatively 
affects student confidence in their academic skills, thus 
making them susceptible to burnout and anxiety. This 
pattern is consistent with previous research demonstrat-
ing that self-efficacy functions as a protective resource 
that buffers against stress-related maladaptation [35].

Equally, the mediating effect of self-efficacy was also of 
high significance in the relationship between academic 
stress and anxiety. The anxiety cognitive models also 
focus on the role of low perceived coping ability, which 
magnifies the threat appraisal and worrying situations 
during stress [4]. Students with low academic self-effi-
cacy have a greater chance of catastrophizing academic 
difficulties, perceiving themselves as unable to meet 
expectations, and predicting failure; all of which further 
fuels anxiety level. It has been consistently demonstrated 
that students who have a better sense of self-efficacy 
express less anxiety about tests and overall anxiety about 
academic performance, even when they are under great 
pressure [14, 28].

Besides, self-efficacy continues to play a mediating role 
when AI dependence was introduced into the model, 
which revealed its independent effect. This indicates that, 
regardless of the extent to which students are depen-
dent on external assistance, their personal confidence in 
their own abilities is also an important factor in psycho-
logical success. Academic stress may lead students to use 
external help, but it is self-efficacy that directly increases 
burnout and anxiety. This observation is particularly 
applicable in the modern digital learning setting, where 
an overabundance of external resources may be accom-
panied by a decrease in confidence in their personal 
abilities.

These results reinforce the importance of self-efficacy 
as a basic psychological resource in higher education. 
They imply that interventions for academic burnout and 
anxiety can improve the self-efficacy of students through 
mastery experiences, formative feedback, autonomy-
supportive teaching, and skills training. Improving 
self-efficacy can potentially shield students against stress-
inducing activities, and consequently make them less 
prone to maladaptive coping strategies, which include 
over-reliance on technological supports.
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Chain mediation effect of AI dependence and self-efficacy
In addition to the independent mediating effect, the cur-
rent research demonstrated a significant chain mediat-
ing effect that academic stress triggers AI dependence, 
which in turn negatively affects self-efficacy, followed by 
academic burnout and anxiety. This points to a progres-
sive psychological mechanism by which academic stress 
is converted into maladaptive academic and emotional 
results.

This chain mediation suggests that AI dependence can 
be interpreted as an upstream process that indirectly 
influences the mental health of students by undermining 
their self-efficacy. With high academic stress, students 
may increasingly tend to use AI tools to cope with aca-
demic work, including doing coursework, reading com-
plex material, or managing time constraints. Although 
this dependence can help to decrease perceived workload 
in the beginning, in the long run or with excessive depen-
dency, active cognitive involvement and independent 
problem-solving may be reduced. Consequently, students 
may question their own academic abilities, and their self-
efficacy will decrease. This lack of perceived competence 
then increases vulnerability to burnout and anxiety.

Cognitive offloading research suggests that frequent 
reliance on external aids can reduce internal cognitive 
effort and control of task performance [30]. When stu-
dents continuously relate positive results to AI support 
instead of their personal capabilities, mastery experi-
ences, (which are one of the strongest drivers of self-effi-
cacy) will diminish [2]. Therefore, the dependence on AI 
can indirectly affect the loop, which involves competence, 
confidence, and effort, by disrupting the feedback system. 
The current findings demonstrate this mechanism using 
empirical evidence about a sequential pathway from AI 
dependence to reduced self-efficacy.

The present findings can also be interpreted within 
a broader framework in which academic outcomes are 
shaped through indirect, anxiety-mediated processes. 
Prior research in higher education has shown that aca-
demic stress often influences learning outcomes through 
intermediate mechanisms related to anxiety and cogni-
tive interference [25]. Consistent with this perspective, 
the current results suggest that AI dependence may func-
tion as part of a cognitively mediated coping process, in 
which students shift cognitive effort to external systems, 
thereby reducing active engagement and perceived com-
petence. In turn, diminished self-efficacy may exacer-
bate vulnerability to academic burnout and anxiety. This 
interpretation highlights the role of cognitive and emo-
tional processes in translating academic stress into nega-
tive outcomes.

From an applied perspective, the chain mediation 
model has significant implications for educational prac-
tice and intervention. It implies that measures against 

academic burnout and anxiety cannot be addressed solely 
by restricting AI use or by reducing academic stress sep-
arately. Instead, the focus of interventions must be on 
encouraging reflective and self-efficacy-supportive AI 
use, encouraging students to implement AI as a scaffold, 
rather than a substitute for their own cognition and intel-
lectual endeavors. For example, pedagogical designs that 
require students to critically analyze AI outputs, justify 
their responses, or solve problems independently, could 
help maintain the experiences of mastery and protect 
self-efficacy.

Strengths and limitations
This study has several notable strengths. First, it adopts 
a large sample size (N = 1,623), which enhances the sta-
tistical power and robustness of the findings. Second, 
the study integrates multiple theoretical perspectives, 
including Cognitive Offloading Theory and the transac-
tional model of stress and coping, to construct a com-
prehensive explanatory framework. Third, it extends 
existing research by conceptualizing AI dependence as a 
maladaptive coping mechanism and empirically testing 
a sequential mediation model linking academic stress to 
academic burnout an anxiety.

Despite its contributions, this study has several limi-
tations: First, the cross-sectional design limits the abil-
ity to draw causal inferences regarding the relationships 
among academic stress, AI dependence, self-efficacy, 
and psychological outcomes. For instance, lower initial 
self-efficacy might also drive greater AI dependence as 
a compensatory strategy; Second, all data were collected 
through self-report measures, which may introduce com-
mon method bias and social desirability effects; Third, 
the sample was limited to university students in China, 
which may restrict the generalizability of the findings to 
other cultural or educational contexts.

Future research directions
Further research can be conducted using longitudinal 
designs to trace how AI dependence may reshape stu-
dents’ self-beliefs and mental health in the long term. 
It would also be valuable to examine more diverse sam-
ples across different cultural and educational settings to 
enhance generalizability. In addition, integrative models 
that incorporate mediators based on technology and psy-
chosocial factors can also be employed to provide a more 
comprehensive explanation of the relationship between 
academic stress and psychological outcomes. Finally, 
pedagogical interventions, such as requiring students to 
critically evaluate AI-generated outputs, can be tested 
in empirical research to determine whether these meth-
ods can help maintain mastery experiences and promote 
adaptive and autonomy-supportive AI use.
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Conclusion
The academic stress is a major risk factor for academic 
burnout and anxiety among college students in the digital 
era. Although technological tools, such as generative AI, 
have been developed to facilitate learning, students may 
be involved in a maladaptive loop when over-relying on 
them as a coping mechanism in the context of high level 
of academic stress. The current results provide evidence 
for the presence of a serial mediation pathway: academic 
stress correlates with AI dependence, which, in turn, 
decreases the self-efficacy of students, eventually con-
tributing to increased burnout and anxiety. This implies 
that over-dependence on AI may undermine the mastery 
experiences that should be acquired to develop academic 
confidence, resulting in students having fewer internal 
resources to manage academic challenges. In educa-
tional contexts, it is appropriate to promote reflective, 
autonomy-supportive AI use, positioning AI as a scaffold 
rather than a substitute.
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