
(IJACSA) International Journal of Advanced Computer Science and Applications,
Vol. 17, No. 7, 2026

LAURA: An Awareness-Oriented Explainable AI
Framework for Academic Stress in Higher Education

Ahmed Almathami1, Richard Stone2
Department of Information Systems, King Abdulaziz University, Rabigh, Saudi Arabia1

Human-computer Interaction Department, Iowa State University, Ames, USA1

Industrial and Manufacturing Systems Engineering Department, Iowa State University, Ames, USA2

Abstract—Academic stress represents a significant challenge
in higher education, especially for students navigating unfamiliar
academic environments. In such contexts, difficulties in un-
derstanding expectations, feedback, and performance standards
can affect engagement, participation, academic performance,
and decision-making. Despite significant advances in learning
analytics and artificial intelligence, current educational systems
remain limited in their ability to support students’ sense-making
of their academic conditions. Existing systems predominantly
focus on prediction and performance monitoring, offering limited
support for interpretation and awareness, which are essential
for understanding academic stress, particularly in complex or
unfamiliar learning environments. To address this limitation,
this study introduces the LAURA framework (Learning Context
Modeling, Academic Stress Assessment, Understanding-Oriented
Explanation, Reflection Support, and Adaptive Awareness Feed-
back), an awareness-oriented framework designed to support
students in understanding their academic stress through interac-
tion. Unlike traditional AI approaches that prioritize prediction,
LAURA conceptualizes academic stress as an interpretive process
and positions explainable AI as a mechanism to support students’
awareness. The framework integrates transparent modeling, ex-
planation, and structured reflection within a unified interaction
cycle, enabling students to interpret academic signals, examine
contributing factors, and develop a more informed understanding
of their conditions. Grounded in appraisal-based stress theory
and principles of human-centered AI, LAURA extends existing
approaches by embedding explanation and reflection as core
components of system design rather than auxiliary features. In
this way, it shifts the role of explainable AI from revealing
model behavior to supporting meaning-making processes within
educational contexts. The proposed framework contributes a new
perspective on AI-supported educational systems by emphasizing
awareness as the primary outcome. It provides a conceptual
and design foundation for developing student-facing systems that
not only analyze academic conditions but also support students
in making sense of them, particularly in diverse and complex
educational environments. As a conceptual framework, LAURA
provides a foundation for future implementation and empirical
validation in educational settings.
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I. INTRODUCTION

Academic stress is a well-established challenge in higher
education, influencing students’ well-being, engagement, and
academic performance. While a certain level of stress can
support motivation, prolonged or poorly managed stress may
negatively affect students’ learning experiences and academic

decision-making [1]. In response, universities have increas-
ingly adopted data-driven approaches, including learning ana-
lytics and artificial intelligence (AI) systems, to monitor and
understand students’ academic conditions [2].

These systems provide robust capabilities for analyzing
large-scale educational data and identifying patterns in per-
formance, engagement, and academic risk. In particular, AI-
based approaches have been widely used for prediction, clas-
sification, and early identification of at-risk students. However,
despite these advancements, most existing systems remain
primarily oriented toward outcome estimation, with limited
support for how students interpret their academic situations
[3], [4].

This limitation is particularly important in the context of in-
ternational students, who often face additional challenges when
navigating unfamiliar academic environments. Differences in
academic communication practices, educational systems, and
implicit expectations can make it difficult to accurately inter-
pret feedback, assessment criteria, and performance indicators.
Prior work has shown that academic stress in such contexts
is not only driven by workload or outcomes, but also by
difficulties in interpreting academic signals [5]. This highlights
a critical need for systems that support students not only in
receiving information, but also in meaningfully interpreting
that information.

Recent research has explored the role of explainable ar-
tificial intelligence (XAI) in improving the transparency of
AI systems in education [6]. While these approaches enhance
visibility into how models operate, explainability is often
treated as a technical property that reveals model behavior
[7], [8]. As a result, students may still face challenges in
connecting system outputs to their own academic experiences.
This indicates that transparency alone is insufficient to support
meaningful understanding.

Based on these limitations, a clear research gap emerges:
current AI-supported educational systems provide limited sup-
port for interpretation and awareness, particularly in contexts
where students must actively make sense of complex and
unfamiliar academic conditions. Addressing this gap requires
moving beyond prediction and transparency to support students
in interpreting academic information and engaging in reflection
that promotes awareness of their academic conditions.

Our previous work highlighted this research gap through
a comprehensive review of explainable AI and academic
stress among international university students, identifying the
need for student-facing systems that support awareness and
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interpretation rather than prediction alone [5]. However, that
study did not propose a framework architecture or specify
how such awareness-oriented support could be realized in
practice. The present study addresses this gap by proposing the
LAURA framework, which comprises a five-phase conceptual
architecture that integrates learning context modeling, aca-
demic stress assessment, understanding-oriented explanation,
reflection support, and adaptive awareness feedback into a
unified interaction cycle.

Building on this foundation, the present study introduces
the LAURA conceptual framework, an awareness-oriented
approach designed to support students in developing awareness
of their academic stress conditions. The framework concep-
tualizes academic stress as an interpretive process in which
students construct meaning through interaction with system
feedback. Rather than treating stress estimation as the final
system outcome, LAURA is designed to help students under-
stand how different academic factors contribute to their stress
experiences and to promote awareness through explanation and
reflection.

The main contributions of this study are fourfold. First, it
advances an awareness-oriented conceptualization of academic
stress in AI-supported educational systems by emphasizing in-
terpretation over prediction. Second, it introduces the LAURA
framework as a five-phase conceptual architecture that extends
existing learning analytics and educational XAI approaches by
integrating learning context modeling, academic stress assess-
ment, understanding-oriented explanation, reflection support,
and adaptive awareness feedback within a unified interaction
cycle. Third, it repositions explainable AI from a mechanism
for revealing model behavior to a form of cognitive sup-
port that enables students’ interpretation and meaning-making.
Finally, it provides awareness-oriented design principles for
developing student-facing AI systems, particularly for students
navigating unfamiliar academic environments, including inter-
national students.

The remainder of this study is organized as follows:

• Section II: Related Work reviews existing studies
on academic stress, student awareness, and AI-based
approaches in education.

• Section III: Framework Development Methodology
presents the conceptual design approach, architectural
structure of LAURA, and awareness-oriented design
logic.

• Section IV: Conceptual Interaction and Awareness
Development describes the interaction process and
how awareness is developed through the framework.

• Section V: Discussion discusses the theoretical, de-
sign, and international student implications of the
framework, presents its limitations, and outlines re-
search implications.

• Section VI: Conclusion summarizes the main contri-
butions of the study and highlights the significance of
the proposed framework.

II. RELATED WORK

This section reviews the main research areas related to
the development of the LAURA framework. The discussion
focuses on four themes: academic stress in higher educa-
tion, artificial intelligence approaches for analyzing academic
stress indicators, learning analytics dashboards and student
awareness, and the role of explainable artificial intelligence in
educational systems. Examining these areas helps situate the
proposed framework within the current literature and highlights
the limitations that motivate the development of LAURA.

A. Academic Stress in Higher Education

Academic stress has been widely recognized as an impor-
tant factor influencing students’ learning experiences, well-
being, and academic performance. University students fre-
quently encounter multiple academic demands, including
coursework, assignments, examinations, and performance ex-
pectations. These demands may create pressure that affects
both academic engagement and students’ perceptions of their
learning environment.

Previous research has identified several common contribu-
tors to academic stress in higher education. Among the most
frequently reported factors are perceived academic workload,
deadline pressure, unclear academic expectations, and difficul-
ties in understanding course materials [5], [9], [10]. Studies
show that academic demands, assessment pressure, and time
constraints represent major sources of stress among students in
higher education. Other research also indicates that uncertainty
regarding grading criteria and course expectations can increase
academic pressure among students.

In addition to workload-related factors, interpretive uncer-
tainty plays an important role in academic stress experiences.
Students may experience additional pressure when they strug-
gle to interpret academic signals such as instructor feedback,
grading standards, or course expectations [11]. These chal-
lenges may become more pronounced in international learning
environments where students encounter unfamiliar educational
systems or language-related comprehension difficulties [12].

Students may also interpret academic signals differently
depending on their prior experiences, confidence levels, and
familiarity with the learning environment. Such differences
in interpretation may influence how academic demands are
perceived and how strongly students experience academic
pressure [13].

Academic stress may be particularly significant for in-
ternational students who study in unfamiliar educational en-
vironments [14]. International students often face additional
challenges, including language-related comprehension diffi-
culties, unfamiliar academic expectations, and differences in
instructional communication styles. These factors may in-
crease uncertainty when interpreting academic signals such as
feedback, grading standards, and course requirements. As a
result, international students may experience greater academic
pressure when they are unsure how to interpret or respond to
academic expectations [15].

Although traditional academic stress research provides
valuable insights into the factors influencing student experi-
ences, most studies rely on surveys or psychological measure-
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ment instruments. As a result, these approaches often offer
limited technological support to help students actively interpret
and understand their experiences of academic stress during the
learning process.

B. Artificial Intelligence Approaches for Analyzing Academic
Stress Indicators

Recent advances in artificial intelligence and machine
learning have introduced new opportunities to analyze student
behavior and indicators of academic stress in educational
environments [16]. Researchers have increasingly explored
how machine learning models can identify patterns related
to academic workload, engagement, and stress-related expe-
riences among students [17].

Several studies have applied machine learning techniques
to analyze stress-related indicators collected from university
students. These studies demonstrate that machine learning
models can identify relationships between contextual academic
factors and students’ reported stress experiences. By analyzing
academic and behavioral data, AI models can reveal patterns
associated with students’ learning conditions and stress indi-
cators.

Recent literature reviews also highlight the growing in-
terest in applying artificial intelligence techniques to analyze
indicators of student well-being and academic stress in higher
education. These studies show that AI-based analytical models
can support the analysis of complex relationships between
academic factors and student experiences [18].

Despite these developments, many artificial intelligence ap-
proaches primarily focus on identifying patterns or estimating
stress levels within student datasets [19]. In many cases, the
models serve primarily as analytical tools for researchers or
institutional monitoring rather than as interactive systems that
support students’ understanding of their academic experiences
[16].

Consequently, although machine learning models can re-
veal relationships between academic factors and stress indica-
tors, students may still struggle to understand how these factors
shape their individual experiences. This limitation highlights
the importance of designing AI-supported systems that not
only analyze academic data but also help students interpret
the factors that influence their learning conditions.

C. Learning Analytics Dashboards and Student Awareness

Learning analytics dashboards have become a widely used
approach for presenting educational data and supporting stu-
dent awareness of learning progress. These dashboards typi-
cally visualize information such as grades, participation levels,
assignment completion rates, and learning activity indicators.
By presenting such information, dashboards aim to help stu-
dents monitor their academic progress and gain insight into
their learning performance [20].

A growing body of research has examined the design and
effectiveness of learning analytics dashboards. Many dash-
boards successfully provide visual summaries of student data
and help learners observe their academic progress. However,
research also indicates that dashboards often provide limited

support for helping students interpret the meaning of these
indicators [21], [22].

One of the main challenges identified in dashboard research
is the gap between data visualization and meaningful inter-
pretation [23]. Although dashboards present useful academic
indicators, students may still struggle to understand how dif-
ferent academic factors contribute to their experiences. As a
result, observing performance indicators does not always lead
to deeper awareness of learning conditions [24].

Recent studies suggest that explanation mechanisms can
help address this limitation. When systems provide explana-
tions that clarify how different indicators relate to academic
conditions, students are better able to interpret dashboard in-
formation and understand the factors influencing their learning
experiences [25].

Research also highlights the importance of reflection in
supporting student awareness and self-regulated learning. Re-
flection prompts encourage students to actively interpret aca-
demic information rather than simply observing it. When
students reflect on system feedback, they are more likely to
connect learning indicators with their own behaviors and learn-
ing strategies. Studies have shown that systems incorporating
reflection mechanisms can improve students’ understanding of
their learning processes and support more informed academic
decision-making [24], [26].

These findings indicate that learning analytics systems can
more effectively support student awareness when they combine
data visualization with explanatory and reflective support.
Because explanation plays a key role in helping users interpret
analytical outputs, recent research has increasingly explored
integrating explainable artificial intelligence into educational
systems.

D. Explainable Artificial Intelligence in Education

Explainable artificial intelligence has received increasing
attention as researchers seek to make AI systems more trans-
parent and understandable for users. In educational contexts,
explainability is particularly important because students and
instructors often need to understand how analytical outputs are
generated and how different variables influence those outputs
[6].

Recent studies emphasize that explainable AI should sup-
port human understanding rather than only providing technical
transparency. When explanations are presented clearly and
meaningfully, users are more likely to interpret system outputs
correctly and incorporate that information into their decision-
making [27].

Interpretable modeling approaches play an important role
in this context. Interpretable models allow users to understand
how individual input variables contribute to the final analytical
result [28]. When applied in educational environments, such
models can help students see how different academic factors
influence the results produced by analytical systems [29].

Despite the increasing interest in explainable AI, many ed-
ucational applications still rely on complex analytical models
that may be difficult for students to interpret. This limitation
highlights the need to design AI-supported educational systems

www.ijacsa.thesai.org 796 | P a g e



(IJACSA) International Journal of Advanced Computer Science and Applications,
Vol. 17, No. 7, 2026

that combine transparent modeling with explanations that are
meaningful and accessible for learners [30].

E. Positioning LAURA Within Existing Approaches

Existing research on academic stress and learning analytics
has introduced a variety of systems that analyze student be-
havior or present academic indicators. However, these systems
are often designed for monitoring or prediction purposes rather
than for supporting students’ understanding of their academic
conditions [31]. As a result, students may receive analytical
outputs without sufficient support to interpret how different
academic factors contribute to their stress experiences.

To position the proposed framework within this research
landscape, Fig. 1 compares the LAURA framework with repre-
sentative approaches, including learning analytics dashboards,
AI-based stress analysis systems, and traditional academic
stress models.

The comparison highlights several important gaps in ex-
isting approaches. Learning analytics dashboards typically
present academic indicators but require students to interpret
them independently. AI-based stress analysis systems often
focus on predictive modeling, while providing limited support
for explanation or reflection.

In contrast, the LAURA framework integrates interpretable
modeling, explanation support, and structured reflection within
a unified architecture. This design enables students not only
to observe academic indicators but also to understand how
different academic factors contribute to their academic stress.

By integrating explanation and reflection into an iterative
feedback process, LAURA goes beyond prediction-oriented
systems by fostering a deeper awareness among students of
their academic stress.

F. Research Gap and Motivations

The reviewed literature shows important progress in aca-
demic stress research, artificial intelligence applications, learn-
ing analytics dashboards, and explainable AI in education.
Traditional academic stress studies provide a strong theoretical
understanding of stress factors, while AI-based approaches
enable the analysis of complex student data. Learning analytics
dashboards, on the other hand, support the visualization of
academic indicators.

Despite these contributions, these approaches are often de-
veloped separately and focus on different objectives. Many AI-
based systems emphasize data analysis or prediction, whereas
learning analytics dashboards primarily present performance
indicators with insufficient support for interpretation. As a
result, students may observe academic information but still
struggle to understand how different academic conditions con-
tribute to their experiences of stress.

This gap indicates the need for systems that not only
present or analyze data, but also support students in interpret-
ing academic signals and reflecting on their learning situations.
In particular, integrating interpretable models, explanations of
contributing factors, and structured reflection can provide more
meaningful support for students’ awareness.

To address this need, the proposed LAURA framework in-
tegrates interpretable modeling, explanation mechanisms, and
reflection prompts within a unified architecture. This design
aims to support students in understanding their academic con-
ditions and in developing awareness of the factors influencing
their academic stress.

The following section presents the LAURA framework and
explains its conceptual structure and development methodol-
ogy.

III. LAURA FRAMEWORK DEVELOPMENT
METHODOLOGY

This section presents the development methodology of the
LAURA framework and explains how its main components
are conceptually organized. The focus is not on technical
implementation but on the design rationale and theoretical
foundations that guided the framework’s development. Ac-
cordingly, this work establishes the conceptual architecture
and theoretical design rationale of the LAURA framework,
providing a foundation for its future implementation and
empirical validation.

The design of LAURA is informed by research on aca-
demic stress, interpretive challenges in higher education, ex-
plainable artificial intelligence (XAI), and reflection in learning
analytics. These research areas highlight a common limitation
in many existing systems. Although academic indicators are
often presented to students, such systems provide limited
support for helping students interpret how these indicators
relate to their academic situations.

To address this limitation, LAURA is designed as an
awareness-oriented explainable architecture. The framework
integrates interpretable modeling, explanation of contributing
academic factors, and structured reflection prompts that guide
students in interpreting their academic conditions. Rather than
focusing only on estimation, LAURA aims to support mean-
ingful understanding and academic self-awareness.

A. Conceptual Design Approach

The conceptual design of LAURA follows a theory-
informed synthesis process. Rather than starting with technical
modeling techniques, the framework development begins with
an educational objective: supporting students in interpreting the
academic conditions that influence their stress experiences.

First, academic stress was conceptualized as an appraisal
process. According to stress appraisal theory, stress arises
when individuals evaluate academic demands relative to their
perceived coping resources [34]. In higher education environ-
ments, perceived workload, deadline pressure, unclear expec-
tations, and performance uncertainty are frequently identified
as major contributors to academic stress. Recent studies also
indicate that uncertainty regarding grading criteria and aca-
demic expectations can increase stress levels among university
students [13].

Second, research indicates that students may experience
higher stress when academic signals are unclear or difficult to
interpret. For example, unclear feedback, unfamiliar evaluation
systems, or language-related comprehension difficulties may
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Fig. 1. Comparison of the proposed LAURA framework with representative approaches for academic stress support. Adapted from [20], [23], [18], [16], [32],
[33].

increase confusion and uncertainty among students, particu-
larly in international educational environments. In these situa-
tions, the issue is not only the academic demand itself, but also
the difficulty of correctly interpreting academic signals [35].

Third, recent developments in explainable artificial in-
telligence emphasize the importance of transparency when
AI systems interact directly with users. When the goal of
the system is to support human understanding rather than
purely optimize predictive performance, interpretable models
are generally preferred over complex black-box algorithms. In
educational contexts, clear explanations have been shown to
improve user trust and understanding of system outputs [6]
[36].

Finally, research on learning analytics dashboards demon-
strates that presenting data alone is often insufficient for
supporting awareness. Students benefit more when systems
include structured reflection prompts that encourage interpreta-
tion and self-regulated learning. Reflection supports metacog-
nitive thinking and helps students connect system feedback

with their own academic behaviors [37].

By integrating insights from these research areas, the
LAURA framework was developed as an awareness-oriented
system that combines academic context modeling, transparent
estimation, explanation, and reflection within a continuous
interaction cycle [5].

B. Architectural Structure of LAURA

Fig. 2 illustrates the overall architecture of the LAURA
framework. The framework is designed as an awareness-
oriented interaction cycle that integrates academic context
modeling, interpretable stress estimation, explanation, reflec-
tion, and adaptive feedback. Rather than treating academic
stress as a static outcome, LAURA conceptualizes awareness
as a continuous process in which students interpret academic
conditions, receive explanations, reflect on contributing factors,
and progressively refine their understanding.

Structurally, the LAURA framework operates as a multi-
stage, awareness-oriented cycle comprising five interconnected
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Fig. 2. The LAURA framework: An awareness-oriented explainable interaction cycle.

phases.

1) Phase 1: Learning context modeling: The process be-
gins with Learning Context Modeling, where key academic in-
dicators such as perceived workload, deadline pressure, clarity
of academic expectations, and comprehension or interpretation
difficulty are collected to represent the student’s academic
environment. These factors capture how students perceive and
evaluate their academic conditions, rather than the objective
workload alone.

This phase is designed as a structured input layer that
reflects students’ appraisal of academic demands. Consistent
with research on academic stress, these indicators represent
common sources of uncertainty in higher education contexts,
particularly for students navigating unfamiliar academic envi-
ronments [9] [38] [13].

2) Phase 2: Academic stress assessment: The academic
indicators derived from the Learning Context Modeling phase
serve as inputs for the Academic Stress Assessment phase.
Depending on the educational context and the available data
sources, these indicators may include course workload, as-
sessment demands, class participation, learning engagement,
assignment completion, and student self-reported academic
experiences. In this stage, students’ academic stress level
is estimated using an interpretable approach that makes the
contributions of individual academic factors transparent in the
overall stress estimation [17].

To support interpretability, this phase adopts an inter-
pretable modeling approach that enables transparent represen-

tation of how individual academic factors contribute to the
overall stress estimation. Such an approach may be imple-
mented using inherently interpretable techniques, including
additive models, consistent with recommendations from in-
terpretable machine learning literature that emphasize trans-
parency in user-facing systems [39]. Importantly, this stage is
intended to support the structured interpretation of students’
academic conditions rather than to provide clinical prediction.

3) Phase 3: Understanding-oriented explanation: The out-
put of the Academic Stress Assessment phase is translated into
structured explanations that are accessible to students. Instead
of presenting raw numerical results, the system identifies and
highlights the key academic factors that contribute to the
estimated stress level and communicates their influence in
clear, simple academic language.

This phase is designed to support interpretation rather
than only presenting information. Research in human-centered
explainable AI emphasizes that explanations should help users
make sense of system outputs, not only reveal model behavior
[40]. Explanations that align with human reasoning have been
shown to improve both understanding and trust in AI systems
[6].

Accordingly, the explanation process in LAURA follows
three key principles: 1) attribution clarity, by identifying the
most influential academic factors; 2) directional influence, by
explaining how each factor increases or decreases stress; and
3) contextual meaning, by presenting explanations in relation
to real academic situations.
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By combining these elements, this phase reduces interpre-
tive ambiguity and supports students in developing a clearer
understanding of their academic conditions.

4) Phase 4: Reflection support: The Reflection Support
phase encourages active engagement with the system’s ex-
planations. While explanations provide important information,
they do not automatically lead to awareness. Therefore, this
phase introduces structured reflection prompts to guide stu-
dents in interpreting and internalizing the results [41].

Research on self-regulated learning highlights the im-
portance of metacognitive processes in supporting adaptive
academic behavior [42]. In addition, learning analytics studies
show that dashboards integrating reflective prompts lead to
greater engagement than systems that present only information
[24].

Within LAURA, reflection is guided through simple and
focused prompts that encourage students to 1) identify the main
contributing academic factors, 2) consider how their recent
academic experiences relate to these factors, and 3) think about
possible small adjustments in their study strategies.

By supporting this reflective process, the system helps
transform explanations into meaningful awareness. This phase
enables students to move from passive observation to active
interpretation of their academic conditions [43].

5) Phase 5: Adaptive awareness feedback: The Adaptive
Awareness Feedback phase provides contextual and person-
alized suggestions based on the identified contributors to
academic stress. These suggestions are designed to support
awareness-informed academic adjustments rather than pre-
scribe fixed or rigid interventions [44].

This phase closes the framework’s awareness loop by link-
ing explanation and reflection to actionable feedback. Through
this process, students are encouraged to gradually adjust their
academic strategies in response to the identified factors. Such
feedback supports self-regulated learning by helping students
translate understanding into practice [45].

The framework operates as an iterative process in which
increased awareness can influence how students evaluate fu-
ture academic demands, consistent with appraisal-based stress
theory. Over time, this process may support improved self-
regulation and reduce interpretive uncertainty.

By integrating modeling, explanation, reflection, and adap-
tive feedback, LAURA conceptualizes explainable AI as a cog-
nitive support tool that promotes awareness and understanding
rather than performance monitoring.

Through these interconnected phases, the framework sup-
ports an ongoing awareness process rather than a one-time
estimation of academic stress.

Overall, the LAURA framework is grounded in academic
stress theory, interpretive uncertainty in higher education,
explainable artificial intelligence, and reflection-based learning
design. It integrates context modeling, interpretable estimation,
explanation, reflection, and adaptive feedback within a unified
structure.

C. Awareness-Oriented Design Logic

The LAURA framework is designed primarily to support
student awareness rather than to increase algorithmic complex-
ity. While many AI-supported educational systems emphasize
performance prediction or risk estimation and often rely on
opaque models, LAURA adopts a different design perspective
centered on helping students understand their academic con-
ditions.

This perspective is reflected in three guiding design princi-
ples. First, transparency over complexity emphasizes the use of
interpretable modeling structures that allow students to clearly
see how academic factors contribute to outcomes. Second,
explanation as communication focuses on translating analytical
outputs into meaningful academic language that students can
easily understand. Third, reflection as mediation highlights
the role of structured reflection in helping students interpret
and internalize system feedback. Fig. 3 illustrates how the
three core design principles, transparency, explanation, and
reflection, interact to support student awareness within the
LAURA framework.

Fig. 3. Design principles supporting student awareness in the LAURA
framework.

Together, these principles define LAURA as an awareness-
oriented framework that supports interpretation, rather than
prediction alone. In this way, explainable AI is positioned
as a cognitive support mechanism that helps students better
understand and navigate their academic experiences.

IV. CONCEPTUAL INTERACTION AND AWARENESS
DEVELOPMENT

This section explains how the components of the LAURA
framework interact conceptually to support students’ aware-
ness of their academic conditions. Rather than focusing on
technical implementation, the emphasis is placed on how
students engage with the system and how awareness develops
through this interaction.

The interaction process begins when academic context in-
dicators, such as perceived workload, deadline pressure, clarity
of expectations, and comprehension difficulty, are represented
in the system. These indicators provide a structured view of the
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student’s academic environment and serve as the foundation for
subsequent interpretation.

Based on these inputs, the system generates an inter-
pretable estimation of academic stress. Instead of presenting
this estimate as a final result, it is framed as an explanation
that highlights the main academic factors contributing. To
ensure accessibility, explanations are conveyed in simple, non-
technical academic language, as recommended in human-
centered explainable AI research [46], with a focus on clarity
and relevance to students’ everyday academic experiences.
This design helps reduce confusion that may arise from overly
technical or abstract system outputs.

Following this, students engage with the reflection com-
ponent. Through structured prompts, they are encouraged to
interpret the explanation, relate it to their recent academic
experiences, and identify potential areas for adjustment. To
support engagement, the interaction is designed to feel con-
versational and context-aware, allowing students to connect
system feedback with their personal academic situations. This
is important, as awareness does not emerge from information
alone, consistent with findings in learning analytics research
[47] [48], but from active interpretation and engagement.

The system then provides adaptive feedback based on
the interpreted results. These suggestions help students make
small, manageable adjustments to their academic strategies,
reinforcing the connection between understanding and action.

Importantly, this process is not linear but iterative. As
students interact with the system over time, their understanding
of academic conditions may evolve. This evolving awareness
can influence how they interpret future academic demands,
creating a continuous process of interpretation, reflection, and
adjustment.

This interaction design is particularly important for stu-
dents in diverse and international educational contexts, where
differences in language, academic expectations, and commu-
nication styles may increase uncertainty when interpreting
academic signals. By emphasizing clarity, explanation, and
reflection, the framework supports inclusive understanding
across different student backgrounds.

Through this interaction, LAURA supports the develop-
ment of awareness as an ongoing cognitive activity. Rather
than treating students as passive recipients of information, the
framework encourages active engagement, interpretation, and
gradual refinement of academic understanding.

V. DISCUSSION

A. Theoretical Implications

The LAURA framework contributes to the theoretical
understanding of academic stress by reconceptualizing it as
an interpretive and awareness-driven process rather than a
static or purely measurable outcome. While prior research
has largely approached academic stress through psychological
measurement or predictive modeling, this framework shifts the
focus toward how students make sense of academic conditions.
In this view, stress is determined not only by external demands
but also by how those demands are interpreted within specific
academic contexts. This perspective builds on prior work that

emphasized the role of explainable AI in supporting student
awareness of academic stress, particularly among international
students [5].

This reconceptualization extends appraisal-based theories
of stress into the domain of interactive and AI-supported
educational systems. Rather than treating appraisal as an inter-
nal cognitive process detached from system design, LAURA
positions it as a process that can be actively supported through
interaction. By embedding interpretation within system feed-
back, the framework suggests that academic stress can be better
understood when students are guided to examine how different
academic factors contribute to their experiences.

From a system design perspective, a central theoretical
contribution of this work lies in redefining the role of arti-
ficial intelligence in educational settings. Existing AI-based
approaches in higher education have predominantly focused
on prediction, classification, or early detection of risk. In
contrast, the LAURA framework reframes AI as a mechanism
for supporting meaning-making. In this context, explainability
is not treated as a supplementary feature that reveals model
behavior, but as a core component that enables students to
interpret academic signals in a meaningful and contextually
relevant way. This perspective shifts explainable AI from a
technical property of models to a cognitive support mechanism
within learning environments.

Furthermore, the framework establishes a conceptual link
between explainable AI and metacognitive processes. While
explanations can make system outputs more transparent, they
do not necessarily lead to understanding on their own. LAURA
addresses this limitation by integrating structured reflection
into the interaction cycle, emphasizing that awareness emerges
through active interpretation rather than passive exposure to
information. This integration highlights the importance of
reflection as a mediating process that transforms explanations
into meaningful understanding.

By connecting interpretability, explanation, and reflection
within a unified framework, LAURA provides a theoretical
bridge between computational modeling and student-centered
learning theories. It suggests that effective AI-supported edu-
cational systems should not only analyze academic conditions,
but also support students in constructing an understanding
of those conditions. In doing so, the framework advances
a shift from performance-oriented analytics to awareness-
oriented design, in which understanding becomes a primary
outcome of the system.

B. Design Implications

The LAURA framework provides several implications for
the design of student-facing AI systems, particularly in con-
texts where the primary goal is to support understanding rather
than prediction. First, the framework highlights the importance
of prioritizing interpretability over algorithmic complexity
when systems are intended for direct interaction with students.
In such contexts, models should be designed to allow clear
identification of how individual academic factors contribute to
system outputs, rather than relying on opaque approaches that
limit user understanding.

Second, the findings suggest that explanations should be
designed as a form of communication rather than technical
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disclosure. Presenting numerical scores or abstract feature
weights alone is insufficient for supporting student understand-
ing. Instead, explanations should translate analytical outputs
into clear academic meaning by explicitly linking system
results to recognizable academic conditions, such as workload,
deadline pressure, or clarity of expectations. This implies
that explanation interfaces should prioritize clarity, contextual
relevance, and alignment with students’ everyday academic
experiences.

Third, the integration of structured reflection highlights
that awareness does not emerge automatically from exposure
to system outputs. Systems should actively guide students in
interpreting results with simple, focused reflection prompts.
These prompts should encourage students to identify key con-
tributing factors, relate them to recent academic experiences,
and consider small, manageable adjustments. This suggests
that reflection should be treated as a core design component,
rather than an optional feature layered on top of analytics.

Finally, the iterative nature of the LAURA framework
suggests that feedback should support gradual, continuous
adjustment rather than immediate correction. Instead of pre-
scribing fixed actions, systems should provide context-aware
suggestions that help students refine their understanding over
time. This approach aligns with how students regulate their
learning in practice, where changes are often incremental and
influenced by evolving academic conditions.

C. Implications for International Students

The LAURA framework is particularly relevant for inter-
national students, where challenges often arise not only from
academic demands but also from difficulties in interpreting
academic expectations and feedback. In such environments,
students must navigate unfamiliar educational systems, grading
practices, and communication styles, which can introduce
additional layers of uncertainty beyond the academic work-
load itself. As a result, academic stress is often shaped by
interpretive ambiguity rather than objective demands alone.

This context highlights a limitation in many existing learn-
ing analytics and AI-based systems. When systems present
performance indicators or predictive outputs without sufficient
explanatory support, they assume that students can interpret
academic signals accurately. However, this assumption does
not always hold for international students, who may lack
familiarity with implicit academic norms or language-specific
cues. In this sense, international student contexts make vis-
ible a broader issue: the gap between data presentation and
meaningful understanding.

By emphasizing explanation and reflection, the LAURA
framework directly addresses this interpretive gap. The frame-
work supports students in making sense of academic signals
by linking system outputs to clear and contextually meaningful
explanations. In addition, structured reflection encourages stu-
dents to actively interpret these explanations in relation to their
own experiences, reducing uncertainty and supporting more
informed academic decision-making.

Importantly, this perspective avoids framing international
students in deficit-based or clinical terms. Instead, it treats
the challenges they experience as issues of interpretation and

understanding within complex academic environments. This
allows for the design of supportive systems that empower
students to navigate unfamiliar contexts more effectively, while
also highlighting the importance of inclusive and accessible
explanation design.

D. Limitations

Despite its contributions, the proposed LAURA frame-
work has several limitations. First, LAURA is presented as a
conceptual framework that establishes an awareness-oriented
architectural and theoretical foundation for explainable AI
in higher education. As such, its practical implementation
and empirical evaluation were not addressed in the present
study. Second, although the framework defines the key archi-
tectural components and interaction process, its effectiveness
in supporting students’ awareness, understanding, and aca-
demic decision-making has not yet been examined through
prototype development or user studies. Finally, the framework
is informed primarily by research on higher education, with
particular attention to international students. Future research
should therefore examine its applicability across diverse higher
education contexts, student populations, and institutional set-
tings.

E. Research Implications

The LAURA framework establishes a foundation for re-
search that shifts the focus of AI-supported educational sys-
tems from predictive performance toward awareness and un-
derstanding. This shift suggests the need for evaluation ap-
proaches that go beyond accuracy-based metrics and instead
assess how effectively systems support students’ interpreta-
tion of academic conditions. In this context, constructs such
as awareness, comprehension, and perceived interpretability
should be treated as primary evaluation outcomes rather than
secondary considerations.

Future studies should evaluate the LAURA framework
by developing a functional prototype and conducting user
studies in authentic higher education settings. These studies
should examine whether the framework supports students in
interpreting academic signals, developing awareness of the
factors contributing to their academic stress, and engaging
in meaningful reflection on their academic experiences. The
evaluations should also examine the framework’s perceived
clarity, usefulness, and trustworthiness, and provide empirical
evidence to refine it and assess its practical value in awareness-
oriented educational AI systems.

This perspective opens several directions for empirical
investigation. One important direction is to examine the extent
to which explanation alone is sufficient to support understand-
ing, compared with systems that integrate both explanation
and structured reflection. Subsequent research can investigate
whether reflection mechanisms significantly enhance students’
ability to interpret academic signals and make informed ad-
justments to their learning strategies.

Another research direction concerns the design of expla-
nation formats and their impact on student engagement and
understanding. Variations in language, level of detail, and
presentation style may influence how students interpret system
outputs, particularly in diverse and international educational
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contexts. Exploring these variations can provide deeper insight
into how explainable systems can be tailored to support
different student needs.

In addition, the framework raises questions about the trade-
off between model complexity and interpretability in student-
facing systems. While complex models may offer higher pre-
dictive performance, simpler, more transparent approaches may
be more effective at supporting understanding and awareness.
Investigating this balance can help clarify when interpretability
should be prioritized over predictive accuracy in educational
applications.

Overall, the LAURA framework encourages future research
to move beyond performance-centered models and toward
awareness-oriented system design. By emphasizing under-
standing as a primary outcome, this perspective supports the
development of AI systems that not only analyze academic
conditions but also help students meaningfully engage with
and interpret their learning experiences.

VI. CONCLUSION

This study presented the LAURA framework as an
awareness-oriented approach to help students understand their
academic stress. The framework was developed in response
to a key limitation in many existing academic analytics and
AI-supported systems, which tend to emphasize prediction
and performance monitoring while offering limited support for
interpretation and understanding.

By bringing together transparent modeling, explanation,
and structured reflection within a single interaction cycle,
LAURA repositions the role of explainable AI in educational
contexts. Rather than focusing only on estimating outcomes,
the framework highlights the importance of helping students
make sense of academic signals and connect them to their own
experiences. In this way, awareness is treated as something that
develops through interpretation, not simply through access to
data.

A key contribution of this work is the view of explainable
AI as a form of cognitive support within learning environ-
ments. Instead of serving only as a tool for analysis, the frame-
work demonstrates how AI can help students identify relevant
academic factors, understand their influence, and gradually
adjust their approaches to learning. This perspective shifts
attention from performance-focused analytics toward systems
that support meaningful understanding.

The framework also highlights the challenges students face
in interpreting academic expectations, particularly in unfamil-
iar educational settings. In such contexts, difficulties are not
always related to workload alone, but to uncertainty in how
academic signals are understood. By focusing on interpretation
and reflection, LAURA offers a foundation for designing
systems that are more accessible, inclusive, and supportive of
diverse student experiences.

Overall, LAURA provides a conceptual foundation for
the future development of awareness-oriented educational AI
systems. Future studies should focus on developing functional
prototypes, conducting user studies in authentic higher ed-
ucation settings, and examining how effectively the frame-
work supports students’ awareness, interpretation of academic

signals, and reflective engagement. Such investigations will
provide empirical evidence to refine the framework and further
assess its practical value for awareness-oriented educational AI
systems.
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“Linking learning behavior analytics and learning science concepts: De-
signing a learning analytics dashboard for feedback to support learning
regulation,” Computers in Human Behavior, vol. 107, p. 105512, 2020.

[27] H. Arif, “Designing a student-centric framework for explainable ai in
adaptive learning systems: Towards transparent, trustworthy, and ethical
ai in education,” Qualitative Research Journal for Social Studies, 2025.

[28] S. Gunasekara and M. Saarela, “Explainable ai in education: Techniques
and qualitative assessment,” Applied Sciences, vol. 15, no. 3, p. 1239,
2025.

[29] B. Bali, “Cognitively-informed explainable ai for education: Enhancing
student engagement and transparent assessment through human-centered
modeling,” Journal of Social and Scientific Education, vol. 2, no. 3, pp.
173–190, 2025.

[30] S. Maity and A. Deroy, “Human-centric explainable ai in education,”
arXiv preprint arXiv:2410.19822, 2024.

[31] K. Alalawi, R. Athauda, and R. Chiong, “An extended learning analytics
framework integrating machine learning and pedagogical approaches for
student performance prediction and intervention,” International Journal
of Artificial Intelligence in Education, vol. 35, no. 3, pp. 1239–1287,
2025.

[32] T. Xu, P. Zhu, Q. Ji, W. Wang, M. Qian, and G. Shi, “Psychological
distress and academic self-efficacy of nursing undergraduates under the
normalization of covid-19: multiple mediating roles of social support and
mindfulness,” BMC Medical Education, vol. 23, no. 1, p. 348, 2023.

[33] X. Zuo, L. Zhao, Y. Li, W. He, C. Yu, and Z. Wang, “Psychological
mechanisms of english academic stress and academic burnout: the
mediating role of rumination and moderating effect of neuroticism,”
Frontiers in psychology, vol. 15, p. 1309210, 2024.

[34] Y. Deng, J. Cherian, N. U. N. Khan, K. Kumari, M. S. Sial, U. Comite,
B. Gavurova, and J. Popp, “Family and academic stress and their impact
on students’ depression level and academic performance,” Frontiers in
psychiatry, vol. 13, p. 869337, 2022.

[35] V. Rovagnati, E. Pitt, and N. Winstone, “Feedback cultures, histories and
literacies: international postgraduate students’ experiences,” Assessment
& Evaluation in Higher Education, vol. 47, no. 3, pp. 347–359, 2022.

[36] D. E. Mathew, D. U. Ebem, A. C. Ikegwu, P. E. Ukeoma, and N. F.
Dibiaezue, “Recent emerging techniques in explainable artificial intelli-
gence to enhance the interpretable and understanding of ai models for
human,” Neural Processing Letters, vol. 57, no. 1, p. 16, 2025.

[37] X. Ren, V. A. Sotardi, and C. Brown, “Exploring academic stress
and coping experiences among university students during the covid-19
pandemic,” Education Sciences, vol. 15, no. 3, p. 314, 2025.

[38] F. S. Fayda-Kinik, “Academic stress in online higher education.” Inter-
national Journal of Technology in Education and Science, vol. 7, no. 1,
pp. 18–29, 2023.

[39] C. Molnar, Interpretable machine learning. Lulu. com, 2020.
[40] A. B. Arrieta, N. Dı́az-Rodrı́guez, J. Del Ser, A. Bennetot, S. Tabik,
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