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Abstract

While higher education institutions strive for academic excellence, they also bear the
responsibility of caring for and ensuring the sustainable well-being of their students.
After the COVID-19 pandemic, these institutions have transitioned to hybrid and digital
education models and have begun to experience the opportunities and threats of digital
learning ecosystems. With the introduction of Al technology, this transformation has
taken on a new dimension: while students benefit from the flexibility, instant feedback,
and personalized learning offered by Al tools, they have also begun to experience new
challenges, including cognitive overload, digital fatigue, and social isolation. In this
context, the aim of this research is to assess students” overall psychological well-being and
to provide a support system that promotes sustainable well-being by anticipating potential
psychological strain and recommending necessary precautions. Accordingly, the purpose
of this study, drawing on Self-Determination Theory and Conservation of Resources Theory,
is to examine the direct effects of an Al-enabled student support system on sustainable
well-being and academic engagement, as well as its indirect effects through self-efficacy
and academic resilience. Data will be collected from undergraduate students from a public
university in Istanbul. Data will be analyzed in the R statistical environment. We expect that
academic resilience, and self-efficacy will mediate the relationship between an Al-enabled
student support system and sustainable well-being. At the end of the study, we propose
a conceptual model that can be tested empirically by further research. Managerial and
further research directions, as well as limitations, are also discussed.

Keywords: academic resilience; Al; academic engagement; well-being

1. Introduction

The development of information technologies and the indispensable role of artificial
intelligence technologies in life have gained significant momentum, especially after the
COVID-19 period [1,2]. Numerous technologies, such as digital transformation, digital
twins, big data, machine learning, data-driven decision-making, data-based prediction, the
Internet of Things, and human-robot interaction/coworking, have become commonplace
in this process and have significantly accelerated it [3-5]. Given the importance of these
technologies, the public and private sectors have begun to use them extensively for a variety
of reasons, including competitive pressures, technological investment requirements, and
productivity motivations. In other words, this change and transformation have become
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essential for companies to achieve competitive advantage and sustainability. In this context,
the use of these technologies has increased widely across sectors, including education,
which has also been affected by this change [6-8].

The education sector has been among the most affected by the technologies mentioned
above. The concepts of learning and teaching have been elevated to a new level, recognizing
that education can be delivered regardless of location or environment [9,10]. Furthermore,
the structure, process control, efficiency, and effectiveness of student support systems have
also evolved due to these technologies. Essentially, adaptable learning environments, per-
sonalized learning methods, Al-supported advising, and predictive methods are assumed
to make educational activities more inclusive, equitable, and diverse. However, despite
these positive pedagogical aspects, the long-term impact of Al technologies on students’
psychological well-being and academic sustainability remains a matter of interest [11-13].

However, the assumption that Al-powered systems universally produce beneficial
results may be theoretically flawed. For instance, recent studies address the undesir-
able effects of Al, including unethical and harmful outcomes [14-16]. Further, we clearly
acknowledge that students can benefit from Al-powered systems, but they can also ex-
perience academic stress [17], cognitive overload and digital fatigue [18], metacognitive
laziness [19,20], and social isolation [21,22]. We make it clear that our model highlights
only positive outcomes when Al is applied appropriately and in ways that are sensitive
to individual differences, as these benefits depend on correct, contextually relevant ap-
plication. From a self-determination perspective [23], Al tools can enhance competence;
however, if perceived as controlling, intrusive, or surveillance-oriented, they can also jeop-
ardize autonomy. Similarly, while technology can help us use resources more efficiently, it
can also pose risks, particularly when it creates performance pressure, requires constant
monitoring, or relies on algorithmic evaluations. In such cases, AI-powered systems may
inadvertently contribute to psychological strain, decreased intrinsic motivation, or technos-
tress. Therefore, the effects of Al use may depend on contextual and perceptual boundary
conditions such as students’ perceptions of autonomy, trust in technology, and institutional
application practices.

The purpose of this study is to conceptually examine potential outcomes by high-
lighting the benefits of Al-enabled student support systems and to propose a model for
empirical research in this area. Al-enabled student support systems differ from traditional
support systems not just in how much they help but also in how they work, using tools such
as automated feedback, chatbots for questions, and algorithms that spot issues early [24-29].
Unlike static, predominantly human-mediated support models, these systems are char-
acterized by continuous personalization and adaptability, enabling dynamically tailored
learning pathways based on real-time behavioral and performance data. The ability to give
immediate feedback is an important feature of Al that can help students feel more capable
and boost their confidence and ability to handle challenges in online learning environments.
Furthermore, the predictive capability embedded in Al systems—through data-driven mod-
eling of academic and psychological indicators—allows institutions to anticipate potential
academic risk and psychological strain proactively rather than respond reactively. This shift
from reactive to predictive and personalized intervention represents the core theoretical dis-
tinction of Al-enabled support and forms the basis for linking technological functionality to
sustainable well-being and long-term academic engagement. Based on self-determination
theory [23], it is predicted that Al-enabled student support systems (e.g., automatic feed-
back tools, chatbot consultation systems, and early-detection algorithms) will increase
students’ academic resilience, thereby positively impacting their sustainable well-being.
Similarly, based on the conservation of resources theory [30,31], Al-enabled student support
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systems are predicted to reduce student burnout, thereby increasing academic engagement
(Figure 1). In this respect, the proposed research propositions are as follows:

P1. Al-enabled student support systems positively affect sustainable well-being.

P2. Al-enabled student support systems positively affect academic resilience.

P3. Academic resilience positively affects sustainable wellbeing.

P4. Academic resilience mediates the positive relationship between Al-enabled student
support systems and sustainable wellbeing.

P5. Al-enabled student support systems positively affect self-efficacy.

Pé. Self-efficacy positively affects academic engagement.

P7. Al-enabled student support systems positively affect academic engagement.

P8. Self-efficacy mediates the positive relationship between Al-enabled student support
systems and academic engagement.

P4 (mediation via Academic Resilience)

Academic
Resilience P3
P2
Sustainable-
BE i > Wellbeing
Al-Enabled Student [ - ———----"""7"""
Support System —_—
P7T T Tmm—e
= Academic

Engagement
/
Self-Efficacy

P8 (mediation via Self-Efficacy)

—— Direct effect — solid arrow (P2, P3, P5, P6) Mediated (indirect) paths: P4, P8

— — — > Direct effect — dashed arrow (P1, P7) (via Academic Resilience and Self-Efficacy)
Figure 1. Proposed Model.

Taken together, in this study, we seek to conceptually and theoretically examine the piv-
otal role of Al-enabled student support systems in fostering sustainable wellbeing, of which
general self-esteem is a core component capturing the individual’s own capabilities, self-
image, and the academic concept of self, and student’s social and emotional self-image [32]
and academic engagement, defined as “the quality and quantity of students’ psychological,
cognitive, emotional, and behavioral responses to the learning process” [33].

2. Methodology

The sample of this study will consist of 400 undergraduate students (grades 1-—4)
studying at a public university in Istanbul. We will contact students using a convenience
sampling method and will ask them to participate via email from the course instructors.
Within this scope, in the first step, 600 students will be emailed and asked to participate in
the survey. To mitigate the risk of a low response rate, we have clarified our data collection
strategy: contacting 600 students to reach a final sample of 400 and using instructor emails
over a two-month period to encourage participation.

To collect data on the variables within the scope of the study, valid and reliable
measures will be used. To measure the Academic Resilience, a 30-item scale [34] will be
used. To measure Self-efficacy, an 8-item self-efficacy scale [35] will be used. The sustainable
well-being scale will be measured with the 24-item BBC well-being scale [36]. To measure
academic engagement, a 29-item academic engagement scale [37] will be used. Finally,
Al-enabled student support systems will be measured using a 4-dimensional scale, adapted
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from various scales. All variables within the scope of the study will be measured on a
5-point Likert scale (1—Strongly disagree, 5—Strongly agree).

Analyses will be conducted using the R statistical environment [38]. Specifically, the
libraries to be used are as follows: “psych” [39], “GPArotation” [40], “lavaan” [41,42],
“semTools” [43], “nFactors” [44].

To test construct validity, exploratory and confirmatory factor analyses will be con-
ducted [45,46]. On the other hand, the reliability analysis will be conducted to assess
the internal consistency of the constructs, with a = 0.70 [47]. Finally, structural equation
modeling will be used to test proposed hypotheses.

3. Conclusions

In this study’s model development process, the Self-Determination and Conservation
of Resources theories have informed our propositions. Accordingly, the contributions
of this study will be twofold. First, the positive association between Al-enabled student
support systems and sustainable well-being, through enhanced academic resilience, will
demonstrate Al’s significant role in students’ psychological well-being. This highlights
the critical role of Al in supporting students’ psychological functioning. Based on this,
Al-enabled support systems are likely to lead to higher academic engagement among
students because they are sensitive to students” individual needs and can personalize
their interactions. Second, our conceptual model also implies that Al support systems that
understand and meet personalized needs may increase students’ self-efficacy in overcoming
specific challenges, thereby enhancing overall positive affect and academic engagement.

Although several studies caution that Al-enabled technologies may have destructive
or undesirable effects, such as metacognitive laziness, lower levels of privacy and safety,
and low levels of productivity [19,20,48,49], our theoretical assumptions suggest that when
used appropriately and with sensitivity to individual differences, Al-enabled technologies
can have positive contributions to human life, like sustainable wellbeing, strengthening
academic engagement, academic resilience, and self-efficacy [50].

In light of the aforementioned explanations, the contribution of this research to the
literature on Al-related technologies that are still in their nascent stages is as follows;
contrary to popular belief, when Al technologies are used correctly, appropriately, and
to meet individual needs, they may contribute to students’” engagement by increasing
their academic self-efficacy, and the support systems in which these technologies are used
contribute to academic development and sustainability by contributing to the psychological
well-being of students.

Finally, as many studies have, this study has several limitations. First, the concep-
tual nature limits the testing and explanation of empirical relations. Therefore, future
researchers are recommended to conduct quantitative or empirical studies to test our
theory-driven research model by using the measurement tools and analytical methods.
Second, we acknowledge that the conceptual nature of this paper currently limits empir-
ical explanation and that our proposed sample is restricted to a single public university.
The study sample is proposed to consist of public university students, which limits the
generalization of the predicted results. It is recommended that future researchers examine
differences between private and public universities to generalize their findings and achieve
broader results. Although this study focuses on the positive and potentially beneficial
aspects of artificial intelligence, the literature contains many studies that suggest negative
impacts of Al Therefore, we also recommend that future studies, to provide a more holistic
perspective, specifically focus on issues such as procrastination and loss of motivation,
which are considered the “dark side” of Al [51]. Finally, the study’s variables focused
on the bright side of Al Future research on the dark side of Al, such as laziness, ineffi-
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ciency, procrastination, and loss of motivation, will contribute to a holistic understanding
of Al technologies.
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