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ABSTRACT KEYWORDS
While artificial intelligence (Al) applications have been widely artificial
integrated into contemporary life, the predictive effect of Al intelligence
on well-being remains paradoxical. Building on conservation of usage,
resources theory, this study hypothesized that Al would both foster well-being,
and erode resources. Hence, | examined two conflicting mediating self-efficacy,
mechanisms in the relationship between Al usage and well-being: ego depletion

self-efficacy and ego depletion. | conducted a survey of 487
college students and found that self-efficacy and ego depletion
acted as opposing mediators. Al usage boosted self-efficacy, while
also contributing to ego depletion. Subsequently, self-efficacy
enhanced well-being, whereas ego depletion diminished well-
being. This study provides fresh perspectives on the paradoxical
relationship between Al usage and well-being, and underscores
the value of a balanced approach when utilizing Al features.

ARTICLE HIGHLIGHTS

This study revealed that artificial intelligence (Al) usage had a double-edged sword effect
on student well-being, enhancing self-efficacy but also contributing to ego depletion.

Self-efficacy was positively related to well-being, while ego depletion was negatively
related to well-being, with both acting as significant mediators of the relationship between
Al usage and student well-being.

This study underscores the importance of balanced Al-integration strategies to maximize
benefits and minimize potential harms regarding student well-being.

CORRESPONDENCE Lanfeng Zhou, Marxism College, Putian University, No. 2121 East Zixiao
Road, Xitianwei Town, Licheng District, Putian, Fujian, 351100, People’s Republic of China. Email:
zIf20051001@ptu.edu.cn

© 2026 Scientific Journal Publishers Limited. All Rights Reserved.


https://doi.org/10.2224/sbp.15627
zlf20051001@ptu.edu.cn

ARTIFICIAL INTELLIGENCE USAGE AND WELL-BEING

Contemporary technological advancements, particularly in artificial intelligence (Al), are
fundamentally transforming multiple domains of human activity, including education, healthcare,
and business (Kumar, 2019). Within education settings, Al-powered tools have attracted
considerable scholarly interest due to their potential to optimize learning experiences and
academic performance (Xu, 2024). However, the accelerated integration of Al in educational
settings has also prompted concerns regarding its possible adverse effects on student well-
being (Klimova & Pikhart, 2025). While Al applications have demonstrated efficacy in facilitating
personalized learning, automating academic tasks, and enhancing student engagement,
excessive or inappropriate usage may cause detrimental outcomes, including heightened stress,
technological dependency, and cognitive overload (Nizamani et al., 2024; Sajja et al., 2024). This
dichotomy has led researchers to characterize Al's influence on student life as a “double-edged
sword” (Chen & Lin, 2024, p. 147).

In educational contexts, well-being has been found to have a robust correlation with various
factors, including academic achievement, mental and emotional well-being, social cohesion, and
overall life satisfaction (Kaya & Erdem, 2021; Michalos, 1991). As Al tools become increasingly
pervasive in students’ daily academic routines, understanding their impact on well-being is
imperative for developing strategies that harness their benefits while minimizing potential
harm. Prior research has underscored the importance of individual differences in shaping
the relationship between technology use and well-being, with self-efficacy and ego depletion
emerging as critical factors (Huang et al., 2024; Reinecke et al., 2014). Self-efficacy, defined as
an individual’s confidence in their capacity to successfully execute tasks (Bandura, 1995), has
been identified as a mediator between technology usage and well-being (Huang et al., 2024).
Conversely, ego depletion, which denotes the diminishment of cognitive resources following
sustained self-regulatory effort, may amplify the negative consequences of Al overuse, thereby
impairing well-being (Lugman et al., 2021).

Despite burgeoning scholarship on Al in education, it remains unclear whether Al usage can
predict student well-being through the mediating mechanisms of self-efficacy and ego depletion.
While existing studies have predominantly emphasized the positive contributions of Al to learning
outcomes, little attention has been paid to its potential drawbacks, especially concerning mental
and emotional health. This study sought to bridge these gaps by investigating the double-edged
sword effect of Al usage on student well-being, with a specific focus on the mediating roles of
self-efficacy and ego depletion. By doing so, | aimed to advance a more nuanced understanding of
Al tools for student well-being, ultimately informing evidence-based strategies for its responsible
and beneficial integration into educational ecosystems.

The Current Study

This study employed conservation of resources (COR) theory (Hobfoll et al., 2003) to explain the
dual pathways through which Al usage can predict student well-being. COR theory posits that
resource loss primarily drives psychological distress, while resource gain enhances well-being and
fosters resilience against future losses. Within modern educational ecosystems, Al tools function
as both potential resource enhancers and drains, yielding complex effects on student well-being.

Resource Gain Pathway: Enhanced Self-Efficacy

Al facilitates the creation of personalized learning paths that cater to the distinct learning style and
pace of individual students (Deng et al., 2024). Adaptive learning platforms leverage algorithms
to assess student performance and offer tailored recommendations for supplementary resources
or practice activities. This personalized approach empowers students to exert greater control
over their learning journey, thereby bolstering their confidence and self-efficacy (Savio-Ramos,
2015). Furthermore, Al provides students with instant feedback on their work and tracks their
progress over time (Harry & Sayudin, 2023). This feedback enables students to pinpoint areas
for improvement and adjust their learning strategies accordingly, thereby enhancing their self-
efficacy (Duijnhouwer et al., 2010). Additionally, Al automates routine tasks, freeing up students’
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time to engage in more meaningful learning activities (Haluza & Jungwirth, 2023). This reduction
in workload boosts motivation and contributes to high self-efficacy (Bandura, 1995).

Empirical evidence has consistently demonstrated that self-efficacy positively predicts well-
being (Yu & Luo, 2018). High self-efficacy enables individuals to effectively navigate challenges,
whereas low self-efficacy exacerbates perceived task difficulty, amplifying stress and anxiety
(Cakar, 2012; Pajares, 2003). Students with robust self-efficacy exhibit greater perceived control
over their academic environment, which correlates with improved well-being (Santos et al., 2014).
Thus, this study proposed the following hypothesis:

Hypothesis 1: Artificial intelligence usage will have a positive indirect relationship with well-being
through the mediator of increased self-efficacy.

Resource Loss Pathway: Enhanced Ego Depletion

A critical adverse effect of Al usage is cognitive overload (Nizamani et al.,, 2024). The fragmented,
multiple-task-oriented nature of Al interactions strains working memory capacity, as students
must continuously process and integrate Al-generated information (Naseer et al., 2025). Similar
to findings in social media research, this cognitive fragmentation depletes attentional resources,
impairing academic performance (Zhang & Mao, 2023). Overreliance on Al may also erode self-
regulatory capacity, as students tend toward Al-assisted task completion, thereby exacerbating
ego depletion (Inzlicht & Schmeichel, 2012; Rodriguez-Ruiz et al., 2025). Furthermore, excessive
dependence on Al compromises critical thinking and intellectual autonomy, further depleting
cognitive resources (Shanmugasundaram & Tamilarasu, 2023).

Well-being is contingent upon self-control resources (Orkibi & Ronen, 2017). Students
with adequate self-control are better equipped to manage their time, set goals, and overcome
negative emotions, all of which contribute to enhanced well-being (King & Gaerlan, 2014).
However, when these resources are depleted due to Al usage, students may encounter difficulties
in maintaining their well-being (Jin et al., 2024). Thus, this study proposed the following
hypothesis:

Hypothesis 2: Artificial intelligence usage will have a negative indirect relationship with well-
being through the mediator of increased ego depletion.

The research model of this study is shown in Figure 1.

Figure 1. Research Model
Note. Al = artificial intelligence.
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Method

Participants and Procedure

The study employed a cross-sectional research design, conducting data collection using
electronic devices under the supervision of a research assistant. | selected participants
from management degree programs based on convenience and accessibility. Initial contact
was established with university professors overseeing eligible college groups to solicit their
collaboration in data collection during scheduled class sessions. Following professor approval,
students were briefed on the objectives of the study, assured of the anonymity and confidentiality
of their responses, and informed that participation was voluntary, with the option to withdraw at
any time. Those who consented to participate accessed the survey via a QR code during regular
class hours. This study received approval from the Ethical Committee of Putian University (2025-
009).

| distributed 600 questionnaires, yielding 487 valid responses for an effective recovery rate
of 74.7%. The sample comprised 240 (49.28%) women and 247 (50.72%) men. Respondents were
predominantly aged 18-23 years (M = 19.65, SD = 1.46). In terms of class distribution, there were
131 (26.90%) freshmen, 141 (28.95%) sophomores, 124 (25.46%) juniors, and 91 (18.69%) seniors.

Measures

Artificial Intelligence Usage

This study assessed frequency of Al usage using one item from Rodriguez-Ruiz et al. (2025):
“How often have you used Al tools in the last 12 months?” Responses were measured using a
7-point Likert scale ranging from 1 = never to 7 = almost every day.

Self-Efficacy

This study used a three-item scale adapted from Spreitzer (1995) to measure self-efficacy. A
sample item is “l am self-assured about my capabilities to perform my academic tasks.” Responses
were measured using a 7-point Likert scale ranging from 1 = strongly disagree to 7 = strongly
agree.

Ego Depletion

This study adopted Twenge et al.’s (2004) widely used five-item scale (see Han et al., 2023) to
measure ego depletion. A sample item is “I feel like my willpower is gone.” Responses were
measured using a 7-point scale ranging from 1 = strongly disagree to 7 = strongly agree.

Well-Being

This study used the World Health Organization-Five Well-Being Index (see Fung et al.,, 2022) to
assess well-being over the past 2 weeks. One item was excluded due to a low corrected item—
total correlation (< .30), resulting in a final four-item scale (e.g., “I have felt calm and relaxed”).
Responses were measured using a 7-point Likert scale ranging from 1 = strongly disagree to 7 =
strongly agree.
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Data Analysis

| conducted a hierarchical regression analysis to examine the incremental effect of the predictive
variables, and tested the mediation effects using the PROCESS macro for SPSS 25.0.

Results

Factor Analysis

| conducted a confirmatory factor analysis for each scale using Amos 22.0. The results showed that
the factor loadings were higher than .60. Moreover, composite reliability values were above .70
and average variance extracted values exceeded the threshold of .50, indicating good reliability
and validity. The factor loadings and Cronbach’s alpha values for each variable are presented in
Table 1.

Table 1. Factor Loadings and Cronbach’s Alpha Values for Study Variables

Note. CR = composite reliability; AVE = average variance extracted.

Regression Analysis

The regression analysis results are presented in Table 2. Models 1 and 2 show the regression
outcomes with self-efficacy and ego depletion as the dependent variables, respectively. The
findings indicated that Al usage exerted a significant positive influence on both self-efficacy
and ego depletion. Al usage, self-efficacy, and ego depletion as independent variables were
incorporated separately in Models 3 to 5, with well-being serving as the dependent variable.
Model 6 represents a comprehensive model that includes all three variables simultaneously. The
regression coefficients for well-being with respect to Al usage and self-efficacy were found to
be positive and significant, whereas the regression coefficient for well-being with respect to ego
depletion was negative and significant. The 95% confidence interval (Cl) for the indirect effect of
Al usage on well-being through self-efficacy was positive and significant, .04, 95% Cl [0.01, 0.07].
Conversely, the indirect effect of Al usage on well-being through ego depletion was negative and
significant, .03, 95% CI [-0.06, —0.02]. These findings indicated the concurrent existence of both
pathways, thereby supporting Hypotheses 1 and 2.
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Table 2. Regression Analysis Results

Note. ** p < .01.

Discussion

Theoretical Contributions and Practical Implications

This study has contributed to the expanding scholarly discourse regarding the paradoxical
impacts of digital technology on human well-being, with a specific focus on the ramifications
of Al usage on the well-being of students. | found that Al simultaneously enhanced well-being
through increased self-efficacy, while diminishing it through ego depletion, presenting a nuanced
perspective on the role of technology in educational contexts.

The positive pathway via self-efficacy corroborates and extends existing literature on the
empowering potential of technology (Bandura, 1995; Savio-Ramos, 2015). Al-driven tools, such
as adaptive learning platforms and intelligent tutoring systems, leverage machine-learning
algorithms to create personalized learning trajectories that dynamically adjust to individual
performance metrics and cognitive preferences (Deng et al., 2024). This granular personalization
not only optimizes learning efficiency but also reinforces students’ perceived competency, a core
dimension of self-efficacy (Bandura, 1995). These findings align with the resource gain tenet
of COR theory (Hobfoll et al., 2003), positioning Al as a technological resource that augments
psychological resources, such as self-efficacy. By enhancing students’ belief in their abilities
to navigate academic challenges, Al indirectly cultivates resilience against stressors, thereby
elevating overall well-being (Yu & Luo, 2018).

Conversely, the negative pathway through ego depletion reveals the understudied cognitive
costs of Al integration. Rapid switching between Al-generated prompts, automated grading
systems, and algorithmically curated content impose significant demands on working memory,
precipitating cognitive overload (Nizamani et al, 2024; Zhang & Mao, 2023). Moreover,
overreliance on Al-generated solutions erodes metacognitive skills, such as self-regulated
learning and error detection (Shanmugasundaram & Tamilarasu, 2023). Over time, such
dependency can create a “cognitive outsourcing” loop (Wang et al.,, 2025, p. 967), diminishing
students’ capacity for deep, sustained intellectual engagement (Rodriguez-Ruiz et al., 2025).
These findings substantiate the resource loss principle of COR theory, illustrating how Al,
when overutilized, acts as a resource drain that depletes finite cognitive reserves essential for
maintaining well-being (Hobfoll et al., 2003).

The coexistence of dual pathways underscores the complex and multifaceted relationship
between Al usage and student well-being, highlighting how Al can predict well-being through
distinct mediating mechanisms. This dynamic is anchored in COR theory, which posits that
individuals proactively engage in the acquisition and preservation of resources to sustain their
well-being (Hobfoll et al., 2003). Building on this framework, in the current study | demonstrated
the dual role of Al as a resource-enhancing and resource-depleting factor within the educational
ecosystem. Specifically, Al operates as a contextual resource that fosters self-efficacy through
adaptive scaffolding, while simultaneously causing ego depletion via cognitive overextension and
autonomy erosion.

Educators and institutions must acknowledge that the value of Al resides not in its uncritical
adoption, but in its strategic integration. To optimize gains in self-efficacy, Al tools should be
designed to prioritize adaptive feedback and personalized learning pathways while mitigating
cognitive overload through intuitive design. For example, Al platforms could incorporate mindful
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breaks (Ayub et al., 2025) or hybrid interfaces that blend analytical and creative tasks, mirroring
the benefits of balanced Al utilization (Zhang & Mao, 2023). Additionally, students should be
instructed to utilize Al as a supplement rather than a substitute. Workshops on digital literacy
could emphasize self-regulation strategies, such as time-blocking Al usage and reflections on its
emotional ramifications, to reduce ego depletion.

Limitations and Future Research

A primary constraint of this study is its cross-sectional design, which limits the capacity to
establish causal relationships. Longitudinal investigations are needed in the future to address
causality. Second, the data-collection method of self-reported measures may have introduced
potential response bias and common method variance. Future research would benefit from
triangulated data-collection methods, integrating objective behavioral metrics (e.g., Al interaction
logs). Third, Al usage was assessed using a single-item measure that focused solely on frequency.
This approach confounds multiple aspects of Al usage, including the intensity, duration, and the
types of Al tools being utilized. Therefore, future studies could employ more comprehensive
measurement instruments that assess the diversity and complexity of Al usage.
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