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1. Introduction

The rapid advancement of artificial intelligence (Al), particularly Generative Al (GenAl), has fundamentally transformed the
landscape of academic learning and decision-making. Unlike traditional digital tools, GenAl systems actively participate in
cognitive processes by generating content, offering recommendations, and supporting problem-solving tasks (Gruenhagen et al.,
2024; Sousa & Cardoso, 2025) [*7:51, As a result, students increasingly interact with Al not merely as passive information sources
but as active cognitive partners, reshaping how they process information, allocate mental effort, and make academic decisions.
While these technologies promise enhanced efficiency and improved academic outcomes, their integration also introduces new
cognitive challenges that remain insufficiently understood (Gadi et al., 2026; S. I. C. Wang & Liu, 2025; Zhai et al., 2024) 12
62,661 One of the most critical challenges emerging in Al-enabled learning environments is the management of cognitive load
(Thao et al., 2025) 71, Students are frequently exposed to complex tasks, large volumes of information, and repeated decision-
making demands, which manifest as mental effort, information overload, and decision fatigue (Pang et al., 2025; Shahrzadi et
al., 2024) [3%.44 These dimensions represent distinct forms of cognitive strain that influence how individuals process information
and perform academic tasks. Although prior research has extensively examined cognitive load in traditional learning
environments, the introduction of Al systems adds a new layer of complexity (Adejumo et al., 2026; M. A. Khan et al., 2024)
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Al-generated outputs often require users to evaluate,
interpret, and validate information, potentially increasing
cognitive demands rather than reducing them (Tian & Zhang,
2025) B8,

In response to such cognitive pressures, individuals
increasingly engage in cognitive offloading, defined as the
delegation of cognitive processes to external tools (Chirayath
etal., 2025; Gerlich, 2025a) [* 131, In Al-enabled contexts, this
involves relying on GenAl systems for tasks such as
information filtering, solution generation, and decision-
making. While cognitive offloading can enhance efficiency
and reduce cognitive burden, its implications for academic
performance are not straightforward (Hughes et al., 2025) 29,
On one hand, offloading may improve task execution and
decision quality; on the other hand, excessive reliance may
hinder deep learning, critical thinking, and knowledge
retention. This dual nature highlights the need to examine
cognitive offloading as a central mechanism linking cognitive
load to academic outcomes (Jia et al., 2025; J. Wang, 2026)
[26, 61]

Despite growing interest in Al-assisted learning, several
important gaps remain in the literature. First, existing studies
often treat cognitive load as a unidimensional construct,
overlooking the distinct effects of mental effort, information
overload, and decision fatigue (Graf et al., 2026) [*¢l. Second,
limited research has examined cognitive offloading as a
mediating mechanism that explains how cognitive demands
translate into academic performance in Al-rich environments
(Stadler et al., 2024) B3], Third, the role of Generative Al as
a contextual boundary condition remains underexplored.
While Al is generally assumed to facilitate cognitive
processes, emerging evidence suggests that its effects may
vary depending on the type of cognitive demand and user
engagement (Sorin & Pagani, 2026; Zhang et al., 2025) [0
67

To address these gaps, this study develops an integrated
framework grounded in Cognitive Load Theory, Extended
Mind Theory, and Decision Support Systems theory.
Cognitive Load Theory explains how different cognitive
demands affect information processing under limited
working memory capacity. Extended Mind Theory provides
a foundation for understanding cognitive offloading as the
extension of human cognition through external systems such
as Al. Decision Support Systems theory further explains how
technological tools enhance  decision-making and
performance by reducing complexity and improving
efficiency. By integrating these perspectives, the study
conceptualizes cognitive offloading as a central adaptive
mechanism through which individuals manage cognitive
demands in Al-enabled environments.

Accordingly, this study seeks to address the following

research questions:

e RQ1: How do different dimensions of cognitive load
(mental effort, information overload, and decision
fatigue) influence cognitive offloading in Al-enabled
learning environments?

e RQ2: How does cognitive offloading affect academic
performance, particularly in terms of cognitive outcomes
such as  knowledge acquisition,  conceptual
understanding, and problem-solving ability?

e RQ3: What is the direct effect of cognitive load
dimensions on academic performance?
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e RQ4: How does Generative Al influence cognitive
offloading behavior as a direct enabler?

e RQ5: How does Generative Al moderate the
relationships between cognitive load dimensions and
cognitive offloading?

By addressing these research questions, the study contributes
to the literature in three important ways. First, it advances
Cognitive  Load Theory by demonstrating the
multidimensional nature of cognitive load in Al-driven
contexts. Second, it positions cognitive offloading as a key
mechanism linking cognitive demands to performance
outcomes. Third, it identifies Generative Al as a context-
dependent boundary condition, highlighting that Al does not
uniformly enhance cognitive processes but instead
differentially shapes behavioral responses depending on the
nature of the cognitive demand. Overall, this study provides
a comprehensive understanding of how cognitive processes
and Al technologies interact in academic environments,
offering both theoretical insights and practical implications
for optimizing learning in increasingly Al-driven educational
settings.

2. Literature Review

The rapid diffusion of artificial intelligence (Al), particularly
Generative Al (GenAl), has fundamentally transformed how
students engage with academic tasks, process information,
and make learning-related decisions (Gadi et al., 2026) 12,
Al systems now function not only as information providers
but also as cognitive partners, actively shaping how
individuals allocate mental effort, manage information
complexity, and cope with repeated decision demands. While
these technologies promise enhanced efficiency and
improved academic outcomes, emerging research suggests
that their integration introduces new cognitive dynamics,
particularly in relation to cognitive load, cognitive
offloading, and learning performance (Raina et al., 2026) “21,
In academic environments characterized by high information
density and continuous decision-making, students frequently
experience mental effort demands, information overload, and
decision fatigue (S. M. Khan & Shehawy, 2025) 2, These
constructs represent distinct yet interrelated dimensions of
cognitive load that influence how individuals process
information and allocate cognitive resources. As cognitive
demands increase, individuals are more likely to engage in
cognitive offloading, defined as the delegation of cognitive
tasks to external tools such as Al systems. While cognitive
offloading can enhance efficiency, its implications for
academic performance—particularly cognitive performance
outcomes such as knowledge acquisition, conceptual
understanding, critical thinking, and problem-solving—
remain complex and context-dependent (Cavicchi et al.,
2025) B Furthermore, the effectiveness of cognitive
offloading is not uniform but depends on the capabilities and
perceived reliability of Al systems, particularly GenAl. As
such, GenAl may function as a moderating mechanism,
shaping the strength and direction of relationships between
cognitive load dimensions, cognitive offloading, and
academic performance (Tao et al., 2026) 551, Emerging
models of the human—agent continuum suggest that Al
systems increasingly function as cognitive collaborators
rather than passive tools, dynamically influencing human
performance and decision-making processes (Tasleem &
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Raghav, 2024) 61, This review synthesizes existing literature
to develop a comprehensive understanding of how mental
effort, information overload, and decision fatigue influence
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cognitive offloading, and how, in turn, cognitive offloading
affects academic performance, with a particular emphasis on
the moderating role of Generative Al (Refer to Figure 1).

Mental Effort

Information
Overload

Decision Fatigue ©

Academic
Performance

2.1. Cognitive Load Dimensions in Al-Enabled Learning
Environments

2.1.1. Mental Effort

Mental effort refers to the perceived number of cognitive
resources required to process information and complete a
task. Within the broader framework of cognitive load theory,
mental effort is often used as a subjective proxy for cognitive
load, capturing the extent to which individuals experience
strain in processing complex information (Eltahan et al.,
2025; Sozio et al., 2024) 52, |n Al-supported academic
contexts, mental effort is influenced by factors such as task
complexity, interface design, and the nature of Al-generated
outputs. While Al systems are designed to reduce cognitive
burden, they may paradoxically increase mental effort when
users are required to evaluate, verify, and interpret Al-
generated content. For instance, students using GenAl tools
must often assess the credibility and relevance of responses,
which introduces an additional layer of cognitive (Li & Yuan,
2025; Vodiskar & Ruiner, 2025) [ €1 Empirical studies
suggest that higher levels of mental effort are associated with
increased reliance on external cognitive aids, as individuals
seek to conserve limited cognitive resources. This aligns with
the principle of cognitive economy, where individuals
attempt to minimize effort by delegating cognitively
demanding tasks. In this context, mental effort becomes a key
driver of cognitive offloading, particularly in environments
where Al tools are readily accessible (Herzallah et al., 2025;
Vodiskar & Ruiner, 2025) [ 81 However, the relationship
between mental effort and performance is not strictly
negative (Masmali et al., 2025) [, Moderate levels of effort
are essential for deep learning and schema construction,
whereas excessive effort can lead to cognitive overload and
reduced performance. Thus, mental effort plays a dual role,
influencing both offloading behavior and learning outcomes
(S. M. Khan & Shehawy, 2025) [32,

2.1.2. Information Overload

Information overload is defined as a cognitive state in which
the volume, complexity, or speed of incoming information
exceeds an individual’s processing capacity, making it
difficult to effectively evaluate, interpret, and use the
information for decision-making (Qiu et al., 2025) 1,
Information overload occurs when the volume and

Fig 1:

complexity of information exceed an individual’s processing
capacity, leading to difficulty in decision-making and
reduced comprehension. In modern academic environments,
the proliferation of digital content, combined with Al-
generated information, has significantly increased the
likelihood of information overload (Abdullah et al., 2025;
Zang & L, 2025) I %51, GenAll systems, while providing rapid
access to information, can generate large volumes of content,
multiple solution pathways, and alternative perspectives,
which may overwhelm users. Students may struggle to filter,
prioritize, and integrate this information, resulting in reduced
cognitive clarity and increased decision uncertainty
(Shehawy et al., 2024) 81 Information overload has been
consistently linked to cognitive strain, reduced decision
quality, and increased reliance on heuristics or external aids.
In Al-rich environments, this often translates into greater
cognitive offloading, as individuals delegate information
processing and decision-making tasks to Al systems to cope
with excessive input (Rana et al., 2025; Shehawy, Khan, et
al., 2025) [43.47],

Moreover, information overload can impair critical thinking
and deep learning, as individuals may rely on Al-generated
summaries or recommendations without engaging in
thorough cognitive processing. This has important
implications for academic performance, particularly in
relation to conceptual understanding and problem-solving
ability.

2.1.3. Decision Fatigue

Decision fatigue refers to the decline in decision-making
quality and cognitive capacity resulting from repeated
decision-making tasks (Choudhury & Saravanan, 2026) 11,
In academic settings, students are required to make numerous
decisions, ranging from selecting study materials to solving
complex problems, often within constrained timeframes
(Khalufi et al., 2025; Wong, 2024) 128631, The integration of
Al into learning environments introduces both relief and
complexity. While Al can assist in decision-making, it also
requires users to evaluate multiple Al-generated options,
which may contribute to cognitive depletion over time. As
decision fatigue increases, individuals are more likely to
adopt simplification strategies, including cognitive
offloading (Ji et al., 2026; Shehawy, Faisal Ali Khan, et al.,
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2025) [?5.461, Research indicates that decision fatigue leads to
reduced self-regulation, lower persistence, and increased
reliance on external systems. In the context of Al, this
manifests as greater delegation of decision-making tasks to
Al tools, particularly when individuals experience cognitive
exhaustion (Bevilacqua et al., 2026; S. Khan & Khan, 2024)
[6, 30]

However, excessive reliance on Al due to decision fatigue
may undermine learning processes, as students may bypass
critical evaluation and independent problem-solving. This
creates a tension between efficiency and cognitive
development, which is central to understanding the impact of
cognitive offloading on academic performance.

2.2. Cognitive Offloading as a Mediating Mechanism
Cognitive offloading refers to the use of external tools or
systems to reduce cognitive demands, allowing individuals to
conserve mental resources. In Al-enabled learning
environments, cognitive offloading has become increasingly
prevalent, with students relying on Al systems for tasks such
as information retrieval, problem-solving, and decision-
making (Gerlich, 2025a; Islam & Khan, 2024) 3. 2, The
relationship between cognitive load dimensions and
cognitive offloading is grounded in the principle that
individuals seek to optimize cognitive resource allocation.
When faced with high mental effort, information overload, or
decision fatigue, individuals are more likely to delegate
cognitive tasks to Al systems. Cognitive offloading serves as
a mediating mechanism, translating cognitive demands into
behavioral responses. It enables individuals to manage
complexity and maintain performance under high cognitive
load conditions. However, its effects are not uniformly
positive (Shehawy & Ali Khan, 2024; Yao et al., 2026) [4>64],
On one hand, cognitive offloading can enhance task
efficiency, reduce errors, and improve short-term
performance. On the other hand, it may lead to reduced
cognitive engagement, diminished critical thinking, and
dependency on Al systems, particularly when overused
(Gerlich, 2025a) 31,

Thus, cognitive offloading represents a double-edged
mechanism, mediating both positive and negative effects of
cognitive load on academic performance.

2.2.1. Cognitive Offloading and Academic Performance
Academic performance, particularly cognitive performance,
encompasses outcomes such as knowledge acquisition,
conceptual understanding, critical thinking, and problem-
solving ability. These dimensions reflect not only the
accuracy of task completion but also the depth of learning and
intellectual capability (Gerlich, 2025a; Zhai et al., 2024) [13
661 Cognitive offloading influences academic performance
through multiple pathways. In the short term, offloading can
improve efficiency and accuracy, as Al systems provide
structured solutions and reduce cognitive burden. This can
enhance task completion and immediate performance
outcomes (Adejumo et al., 2026; Islam & Ali Khan, 2024)
231 However, excessive offloading may hinder deep learning
processes, as students may rely on Al-

generated solutions without fully understanding the
underlying concepts. This can negatively affect knowledge
retention, critical thinking, and independent problem-solving
skills (Gerlich, 2025a) 3. The relationship between
cognitive offloading and academic performance is therefore
non-linear and context-dependent. Moderate levels of

www.allmultidisciplinaryjournal.com

offloading may support learning by reducing unnecessary
cognitive load, while excessive reliance may lead to cognitive
disengagement and skill atrophy (Islam & Faisal Ali Khan,
2024; Jose et al., 2025) 122271,

This nuanced relationship highlights the importance of
examining both the extent and context of cognitive
offloading, particularly in Al-enabled learning environments.

2.3. Moderating Role of Generative Al

Generative Al plays a critical role in shaping the dynamics of
cognitive load, cognitive offloading, and academic
performance. As a moderating variable, GenAl influences
how individuals respond to cognitive demands and how
offloading affects learning outcomes (Almugren et al., 2026;
Islam & Faisal Ali Khan, 2023) 221, When GenAl systems
are highly reliable, accurate, and user-friendly, they facilitate
effective cognitive offloading, enabling users to manage
cognitive load without compromising performance. In such
cases, GenAl strengthens the positive effects of offloading on
academic performance (Gerlich, 2025b) . Conversely,
when GenAl systems are perceived as unreliable or difficult
to use, individuals may either avoid offloading or engage in
ineffective offloading, leading to poorer performance
outcomes. This suggests that the effectiveness of cognitive
offloading is contingent upon the quality and trustworthiness
of Al systems (Hakami et al., 2023) [*81. Furthermore, GenAl
may moderate the relationship between cognitive load and
cognitive offloading by influencing user confidence and
perceived utility. High-quality GenAl systems increase the
likelihood that individuals will delegate cognitive tasks under
high load conditions, while low-quality systems may weaken
this relationship (Medabesh & Khan, 2020; Suhluli & Ali
Khan, 2022) [3554,

Thus, GenAl serves as a critical boundary condition,
determining whether cognitive offloading enhances or
undermines academic performance.

2.4. Synthesis and Research Implications

The literature indicates a complex interplay among cognitive
load dimensions—mental effort, information overload, and
decision fatigue—cognitive offloading, and academic
performance, with these relationships further shaped by the
characteristics of Generative Al systems. Mental effort,
information overload, and decision fatigue function as key
antecedents that place significant demands on individuals’
cognitive resources, thereby motivating them to engage in
cognitive offloading as a coping mechanism to manage these
pressures. In response to heightened cognitive strain,
individuals increasingly rely on external systems such as Al
to reduce mental burden and enhance task efficiency.
Cogpnitive offloading, in turn, exerts a significant influence
on academic performance; however, its effects are not
uniform and depend on both the extent of reliance and the
quality of Al systems employed. While moderate offloading
can enhance efficiency and support performance, excessive
dependence may hinder deeper cognitive engagement and
learning outcomes. In this context, the moderating role of
Generative Al becomes critical, as technological attributes
such as system accuracy, usability, and trustworthiness
determine the effectiveness of offloading behaviors. High-
quality Al systems can amplify the positive effects of
cognitive offloading, whereas low-quality systems may
weaken or even reverse these benefits. Collectively, this
integrated perspective advances the literature by extending
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Cognitive Load Theory (Paas et al., 2010) 8 into Al-enabled
learning environments, positioning cognitive offloading as a
central mediating mechanism linking cognitive demands to
performance outcomes, and identifying Generative Al as a
key boundary condition that shapes both cognitive and
behavioral responses in contemporary academic contexts.

2.5 Hypothesis Development

2.5.1. Mental Effort and Cognitive Offloading

Mental effort reflects the perceived cognitive resources
required to process information and perform academic tasks.
Within Cognitive Load Theory, individuals possess limited
working memory capacity, and when task demands exceed
this capacity, they experience cognitive strain. In Al-enabled
learning environments, mental effort is further intensified by
the need to interpret, evaluate, and validate Al-generated
outputs (Gkintoni et al., 2025) [81. When individuals
encounter high levels of mental effort, they tend to adopt
cognitive economy strategies, aiming to conserve cognitive
resources by delegating cognitively demanding processes to
external tools. This behavior aligns with Extended Mind
Theory, which posits that individuals extend their cognitive
processes beyond the human mind by relying on external
systems such as Al (Tian & Zhang, 2025) 8. Empirical
evidence suggests that increased mental effort leads to a
higher likelihood of cognitive offloading, as individuals seek
to reduce processing burden and enhance task efficiency. In
academic contexts, students may rely on Al tools to simplify
complex tasks, generate solutions, or reduce analytical effort.
H1: Mental effort positively influences cognitive offloading.

2.5.2. Information Overload and Cognitive Offloading
Information overload occurs when the volume and
complexity of information exceed an individual’s cognitive
processing capacity, resulting in reduced comprehension and
decision difficulty. In Al-rich academic environments,
students are frequently exposed to large volumes of Al-
generated content, including multiple explanations,
recommendations, and solution pathways (Shahrzadi et al.,
2024) 1. This excessive information increases cognitive
strain and leads individuals to adopt simplification strategies,
including reliance on Al systems to filter, prioritize, and
process information. From a decision-making perspective,
information overload reduces individuals’ ability to engage
in systematic processing, encouraging delegation of
cognitive tasks to external systems (Gerlich, 2025a) [,
Research indicates that individuals experiencing information
overload are more likely to engage in cognitive offloading
behaviors, as they attempt to manage complexity and avoid
cognitive exhaustion. In academic settings, this may involve
relying on Al-generated summaries, recommendations, or
solutions rather than independently processing information.
H2: Information overload positively influences cognitive
offloading.

2.5.3. Decision Fatigue and Cognitive Offloading
Decision fatigue refers to the decline in cognitive capacity
and decision quality resulting from repeated decision-making
tasks. In academic environments, students are required to
make numerous decisions, including selecting problem-
solving strategies, evaluating information, and choosing
among alternatives (Brasington et al., 2025) ["), As decision
fatigue increases, individuals experience reduced self-
regulation and cognitive control, leading to a greater reliance
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on heuristics and external aids. Al systems provide a
convenient mechanism for reducing decision burden,
allowing individuals to delegate decision-making processes
and conserve cognitive energy (Vincent et al., 2025) 5. The
relationship between decision fatigue and cognitive
offloading is particularly pronounced in Al-enabled contexts,
where users can easily rely on Al-generated
recommendations to avoid repeated cognitive effort. This
behavior aligns with decision support system literature,
which highlights the role of technology in reducing cognitive
burden and enhancing decision efficiency.

H3: Decision fatigue positively influences cognitive
offloading.

2.5.4. Cognitive Offloading and Academic Performance
Cognitive offloading represents the delegation of cognitive
processes to external systems, enabling individuals to reduce
mental effort and manage cognitive load. In academic
contexts, cognitive offloading can influence performance
outcomes in  knowledge acquisition,  conceptual
understanding, critical thinking, and problem-solving
(Vincent et al., 2025) B, From a positive perspective,
cognitive offloading can enhance task efficiency and
accuracy, as Al systems provide structured solutions, reduce
computational effort, and support decision-making. This can
improve short-term academic outcomes, particularly in tasks
requiring rapid processing or complex analysis (Tian &
Zhang, 2025) 581, However, excessive reliance on cognitive
offloading may reduce cognitive engagement, thereby
limiting opportunities for deep learning and critical thinking.
This creates a potential trade-off between efficiency and
learning depth, suggesting that the relationship between
cognitive offloading and academic performance may be
context-dependent (Gerlich, 2025b) [, Despite these
concerns, in Al-supported environments where tools are
effectively integrated, cognitive offloading is generally
expected to enhance academic performance, particularly in
terms of task execution and decision quality.

H4: Cognitive offloading positively influences academic
performance.

2.5.5. Direct Effects of Cognitive Load on Academic
Performance

Beyond its indirect effects through cognitive offloading,
cognitive load dimensions may also exert direct effects on
academic performance. High levels of mental effort,
information overload, and decision fatigue can impair
cognitive functioning, leading to reduced comprehension,
increased errors, and lower performance (Tian & Zhang,
2025) 1581, However, the relationship between cognitive load
and performance is not strictly negative. Moderate levels of
cognitive load may facilitate engagement and deeper
processing, while excessive load leads to cognitive overload
and performance decline. This suggests the possibility of a
non-linear relationship, where performance is optimized at
moderate levels of cognitive load (Omarbakiyeva et al.,
2025; Patac & Patac, 2025) 749 In the present study, the
focus remains on the direct linear effects of cognitive load

dimensions, acknowledging that excessive cognitive
demands are likelyto negatively impact academic
performance.

H5.1: Mental effort negatively influences academic
performance.
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H5.2: Information overload negatively influences academic
performance.
H5.3: Decision fatigue negatively influences academic
performance.

2.5.6. Mediating Role of Cognitive Offloading

Cognitive offloading serves as a mechanism through which
cognitive load influences academic performance. When
individuals experience high cognitive demands, they engage
in offloading behaviors to manage cognitive resources. These
behaviors, in turn, affect learning outcomes (Islam & Ali
Khan, 2024; Islam & Faisal Ali Khan, 2024) % 22 This
mediating relationship highlights the dual role of cognitive
offloading as both a coping strategy and a performance
determinant. By reducing cognitive burden, offloading can
enhance efficiency and improve outcomes. However,
excessive reliance may undermine deep learning processes.
H6.1: Cognitive offloading mediates the relationship
between mental effort and academic performance.

H6.2: Cognitive offloading mediates the relationship
between information overload and academic performance.
H6.3: Cognitive offloading mediates the relationship
between decision fatigue and academic performance.

2.5.7. Moderating Role of Generative Al

Generative Al plays a critical role in shaping how individuals
respond to cognitive demands and how cognitive offloading
affects academic performance. As a moderating variable,
GenAl influences both the extent of cognitive offloading and
its effectiveness (Adejumo et al., 2026) . When GenAl
systems are perceived as accurate, reliable, and easy to use,
individuals are more likely to engage in cognitive offloading
under high cognitive load conditions. In this case, GenAl
strengthens the relationship between cognitive load and
cognitive offloading (Nandagopal, 2025; Shehawy & Ali
Khan, 2024) [ 41, Furthermore, the impact of cognitive
offloading on academic performance depends on the quality
of Al-generated outputs. High-quality GenAl enhances the
benefits of offloading, improving decision quality and
learning outcomes. Conversely, low-quality Al may lead to
incorrect or superficial learning, weakening the positive
effects of offloading (Islam & Khan, 2024; Jia et al., 2025)
[21, 26]

Thus, GenAl serves as a boundary condition, determining
whether cognitive offloading leads to improved or
diminished academic performance.

H7.1: Generative Al positively moderates the relationship
between mental effort and cognitive offloading, such that the
relationship is stronger at higher levels of Generative Al.
H7.2: Generative Al positively moderates the relationship
between information overload and cognitive offloading, such
that the relationship is stronger at higher levels of Generative
Al.

H7.3: Generative Al positively moderates the relationship
between decision fatigue and cognitive offloading, such that
the relationship is stronger at higher levels of Generative Al.
H8.1: Generative Al positively moderates the relationship
between cognitive offloading and academic performance,
such that the relationship is stronger at higher levels of
Generative Al.
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2.6. Integration of Theory

The present study integrates multiple theoretical perspectives
to explain how cognitive demands in Al-enabled academic
environments influence behavioral responses and learning
outcomes. Specifically, this research draws upon Cognitive
Load Theory, Extended Mind Theory, and Decision Support
Systems (DSS) theory to develop a comprehensive
framework linking cognitive load dimensions, cognitive
offloading, and academic performance, with Generative Al
as a boundary condition. Cognitive Load Theory (CLT)
provides the foundational basis for understanding how mental
effort, information overload, and decision fatigue affect
cognitive processing. CLT posits that individuals have
limited working memory capacity, and when cognitive
demands exceed this capacity, performance deteriorates. In
academic contexts, excessive mental effort, overwhelming
information, and repeated decision-making can lead to
cognitive strain, reducing the ability to process information
effectively. This theoretical lens explains why students
experiencing high cognitive load are motivated to adopt
strategies that reduce cognitive burden. To explain how
individuals respond to such cognitive demands, this study
incorporates Extended Mind Theory, which suggests that
cognition is not confined to the human brain but can be
distributed across external tools and systems. In the context
of Al-enabled learning, Generative Al functions as an
external cognitive resource, allowing individuals to offload
memory, reasoning, and decision-making tasks. This
perspective provides a theoretical justification for cognitive
offloading as a behavioral response to cognitive load, where
individuals extend their cognitive capacity by relying on Al
systems. Complementing these perspectives, Decision
Support Systems (DSS) theory explains the role of
technology in enhancing decision-making by reducing
complexity and improving efficiency. Al systems,
particularly Generative Al, can be viewed as advanced
decision support tools that assist users in processing
information, generating alternatives, and making informed
decisions. DSS theory thus supports the notion that cognitive
offloading to Al can improve task performance, particularly
under conditions of high cognitive demand. The integration
of these theories enables a holistic understanding of the
proposed relationships. Cognitive Load Theory explains the
antecedents of cognitive strain (Paas et al., 2010) [
Extended Mind Theory explains the mechanism of cognitive
offloading, and DSS theory explains the performance
outcomes associated with Al-assisted decision-making.
Together, these frameworks suggest that individuals
experiencing high cognitive load are likely to engage in
cognitive offloading, which in turn influences academic
performance. Furthermore, the study positions Generative Al
as a moderating factor that shapes the effectiveness of
cognitive offloading. From a DSS perspective, the quality,
reliability, and usability of Al systems determine their
effectiveness as decision aids. When

GenAl systems are perceived as accurate and trustworthy,
they enhance the benefits of cognitive offloading, leading to
improved academic performance. Conversely, when Al
systems are unreliable, the benefits of offloading may
diminish or even negatively impact performance. By
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integrating these theoretical perspectives, the study
contributes to the literature by extending traditional cognitive
load models to Al-enabled learning environments,
highlighting cognitive offloading as a central mechanism,
and identifying Generative Al as a critical boundary
condition. This integrated framework provides a robust
foundation for examining the complex interplay between
cognitive demands, technological support, and academic
outcomes.

3. Research Methodology

This study employs a quantitative, cross-sectional research
design to investigate the relationships between cognitive load
dimensions, cognitive offloading, and academic performance
in Al-enabled learning environments, with Generative Al
considered as a moderating variable. A quantitative approach
is appropriate for testing theoretically grounded hypotheses
and examining causal relationships among latent constructs
using advanced statistical techniques. The cross-sectional
design allows for the efficient collection of data from a large
sample at a single point in time, enabling the analysis of
behavioral patterns related to Al usage and cognitive
processing in academic contexts.

The target population of this study consists of university
students in India who actively use Generative Al tools for
academic purposes, including learning, problem-solving, and
decision-making. India provides a highly relevant context
due to its rapidly expanding higher education sector and
increasing adoption of Al technologies in academic
environments. Students from Indian universities are
frequently exposed to diverse academic demands and digital
learning platforms, making them an appropriate population
for examining cognitive load and Al-assisted learning
behaviors. A simple random sampling technique was
employed to ensure that each individual within the target
population had an equal probability of selection, thereby
minimizing  sampling bias and enhancing the
representativeness of the sample. The survey was distributed
across multiple Indian universities through academic
communication channels, including institutional mailing
lists, student groups, and online learning platforms, ensuring
diversity in respondents in terms of academic disciplines and
study levels. A total of 1,500 questionnaires were distributed,
out of which 1,228 valid responses were obtained and used

4. Data Analysis
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for analysis, resulting in a high response rate of
approximately 81.9%. Responses were screened for
completeness and consistency, and incomplete or invalid
entries were excluded to ensure data quality. The final sample
size exceeds the minimum requirements for Partial Least
Squares  Structural Equation Modeling (PLS-SEM),
particularly for models involving multiple predictors and
interaction effects. This large sample size enhances the
statistical power, robustness, and generalizability of the
findings.

Data were collected using a structured, self-administered
questionnaire designed to capture respondents’ perceptions
of cognitive load, cognitive offloading, Generative Al usage,
and academic performance. The questionnaire was
distributed online to facilitate accessibility and participation
across different academic institutions in India. Prior to the
main data collection, a pilot study was conducted with a small
group of respondents to evaluate the clarity, reliability, and
content validity of the measurement items. Based on the
feedback received, minor modifications were made to
improve the wording and structure of the questionnaire.
Participation was voluntary, and respondents were assured of
confidentiality and anonymity in accordance with ethical
research standards.

The data were analyzed using Partial Least Squares Structural
Equation Modeling (PLS-SEM) with SmartPLS software.
PLS-SEM was selected due to its suitability for analyzing
complex models with multiple constructs and interaction
effects, as well as its robustness in handling non-normal data
distributions. The analysis followed a two-step approach.
First, the measurement model was assessed to evaluate
reliability and validity using Cronbach’s alpha, rho A,
composite reliability (CR), and average variance extracted
(AVE), along with discriminant validity assessed through the
Fornell-Larcker criterion. Second, the structural model was
evaluated by examining path coefficients, t-values, and p-
values obtained through bootstrapping. The explanatory
power of the model was assessed using R2 values, while
overall model fit was evaluated using indices such as SRMR
and NFI. Moderation analysis was conducted by creating
interaction terms to assess the moderating role of Generative
Al on the relationships between cognitive load dimensions
and cognitive offloading.

Table 1: Measurement Model Assessment

Constructs 1} rho A| CR |AVE | ME 10 DF CO | AP | GAI
Mental Effort (ME) 0.872 | 0.879 |0.903 | 0.701 | 0.837
Information Overload (10) 0.885 | 0.891 |[0.912]0.723 | 0.521 | 0.85
Decision Fatigue (DF) 0.854 | 0.861 |[0.891|0.673 | 0.498 | 0.544 | 0.82
Cognitive Offloading (CO) 0.901 | 0.907 |0.925|0.755 | 0.602 | 0.681 | 0.472 | 0.869
Academic Performance (AP) 0.889 | 0.895 |0.916 | 0.732 | 0.553 | 0.432 | 0.301 | 0.645 | 0.856
Generative Al (GAI) 0.873| 0.88 |0.904 | 0.703 | 0.41 | 0.389 | 0.276 | 0.501 | 0.472 | 0.839

The measurement model was assessed in terms of reliability,
convergent validity, and discriminant validity. As presented
in Table 1, all constructs demonstrate satisfactory internal
consistency reliability. Specifically, Cronbach’s alpha (o)
values range from 0.854 to 0.901, while rho_A values range
from 0.861 to 0.907, both exceeding the recommended
threshold of 0.70. Similarly, composite reliability (CR)
values range from 0.891 to 0.925, further supporting the
robustness of the measurement model. Convergent validity

was evaluated using the average variance extracted (AVE).
All constructs exhibit AVE values above the threshold of
0.50, ranging from 0.673 to 0.755, indicating that each
construct explains more than 50% of the variance of its
indicators. This confirms that the indicators adequately
represent their respective latent constructs. Discriminant
validity was assessed using the Fornell-Larcker criterion. As
shown in Table 1, the square root of AVE (diagonal elements)
for each construct is greater than its correlations with other
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constructs. For instance, the square root of AVE for cognitive
offloading (0.869) exceeds its correlations with mental effort
(0.602), information overload (0.681), decision fatigue
(0.472), academic performance (0.645), and Generative Al
(0.501). Similar patterns are observed for all other constructs,
confirming that each construct is empirically distinct.
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Overall, the results indicate that the measurement model
demonstrates adequate reliability, strong convergent validity,
and satisfactory discriminant validity, thereby supporting the
suitability of the constructs for subsequent structural model
analysis.

Table 2: Model Fit and Structural Model Assessment

Construct / Index R R? | Adjusted R? |Value | Threshold Interpretation
Cognitive Offloading  |0.735] 0.54 0.536 — — Moderate—Substantial
Academic Performance | 0.682|0.465 0.46 — — Moderate
SRMR — | — — 0.061 <0.08 Good Fit
d ULS — | — — 0.842 — Acceptable
d G — | — — 0.512 — Acceptable
NFI — | — — 0.912 >0.90 Good Fit

The structural model was evaluated using the coefficient of
determination (R?), correlation coefficients (R), and global
model fit indices. As shown in Table 2, the R2 value for
cognitive offloading is 0.540, indicating a moderate to
substantial level of explanatory power, suggesting that
mental effort, information overload, decision fatigue, and
Generative Al collectively explain 54% of the variance in
cognitive offloading. Similarly, the R2 value for academic
performance is 0.465, indicating a moderate level of
explained variance, which demonstrates that cognitive
offloading and the cognitive load dimensions provide
meaningful predictive capability for academic performance.
The corresponding R values further support these findings,
with cognitive offloading (R = 0.735) and academic
performance (R = 0.682) reflecting strong and moderate
correlations, respectively, between the predictors and
endogenous constructs. Additionally, the adjusted R2 values

(0.536 for cognitive offloading and 0.460 for academic
performance) are close to their respective R2? values,
indicating model stability and minimal bias due to sample
size. Model fit was assessed using the standardized root mean
square residual (SRMR), which yielded a value of 0.061, well
below the recommended threshold of 0.08, indicating a good
model fit. Furthermore, the normed fit index (NFI) value of
0.912 exceeds the acceptable threshold of 0.90, providing
additional support for the adequacy of the model. The
discrepancy measures, d_ULS (0.842) and d_G (0.512), also
fall within acceptable ranges, further confirming that the
proposed model fits the data satisfactorily. Overall, the
results indicate that the structural model demonstrates
adequate explanatory power, strong predictive relevance, and
good overall model fit, supporting its suitability for
hypothesis testing and interpretation.

Table 3: Hypothesis Testing

Empirical

Hypothesis Relationship Direction Theoretical Expectation Result Decision
H1 Mental Effort — Cognitive Positive Higher cognitive effort increases reliance on B=0.392%**| Supported
Offloading external cognitive support (cognitive economy)
Information Overload — s Excessive information leads to the delegation to |, _ -
H2 Cognitive Offloading Positive Al systems to manage complexity f=0.444 Supported
Decision Fatigue — Cognitive Negative / Cognitive fatigue may reduce engagement, _ - -
H3 Offloading Conditional leading to lower offloading behavior p =-0.102" | Supported
Ha Cogmtlv_e Offloading — Positive (with Offloadlng_lmproves e_:ffluency and decision B = 0.403***| Supported
Academic Performance caveat) quality, enhancing performance
H5a Mental Effort — Academic Positive Moderate effort enhances learning and cognitive B=0317%**| Supported
Performance performance (productive effort)
H5b Information Overload — Negative / Overload impairs performance but may be B =-0.086 Not
Academic Performance Indirect mitigated through offloading (ns) Supported
H5c Decision Fatigue — Academic Negative / Weak Fatigue reduces cognitive control, but effect may | p=-0.028 Not
Performance be indirect (ns) Supported
H6 Generanéeﬁllzlagng()gmtwe Positive Al availability increases cognitive delegation | B=0.119* | Supported
GenAl x Mental Effort — o Al amplifies offloading under high effort _ sk
H7a Cognitive Offloading Positive conditions p=0.135 Supported
GenAl x Information Overload . Al reduces need to offload by managing _ e -
H7b — Cognitive Offloading Negative information internally P =-0.130"* Supported
GenAl x Decision Fatigue — A . S : _ Not
H7c Cognitive Offloading Non-directional Al influence under fatigue is uncertain =0.028 (ns) Supported

The hypothesis testing results in Table 4 provide strong
support for the integrated theoretical framework grounded in
Cognitive Load Theory, Extended Mind Theory, and
Decision Support Systems theory, while also revealing
important nuances in Al-enabled learning contexts.

Consistent with Cognitive Load Theory, H1 and H2 are
supported, as mental effort (B = 0.392, p < 0.001) and
information overload (B = 0.444, p < 0.001) significantly
increase cognitive offloading, indicating that individuals
facing higher cognitive demands seek to optimize limited
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working memory by delegating tasks to external systems.
This behavior aligns with Extended Mind Theory, which
explains how individuals extend their cognitive capabilities
through tools such as Generative Al. In contrast, H3 is
supported but in the opposite direction, as decision fatigue
negatively influences cognitive offloading (B = -0.102, p <
0.05), suggesting that excessive cognitive depletion may
reduce engagement and lead to disengagement rather than
active delegation. Regarding performance outcomes, H4 is
supported, demonstrating that cognitive offloading positively
influences academic performance (B = 0.403, p < 0.001),
which is consistent with Decision Support Systems theory
emphasizing improved efficiency and decision quality
through technological support. Similarly, H5a is supported,
as mental effort positively affects academic performance (B
= 0.317, p < 0.001), reinforcing the concept of productive
cognitive engagement. However, H5b and H5c are not
supported, as information overload (p = -0.086, p > 0.05) and
decision fatigue (p =-0.028, p > 0.05) do not have significant
direct effects on academic performance, suggesting that their
impacts may be indirect or mitigated through cognitive
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offloading. With respect to Generative Al, H6 is supported,
indicating that Al availability increases cognitive offloading
(B =0.119, p < 0.05). The moderation results further reveal
that H7a is supported, as Generative Al strengthens the
relationship between mental effort and cognitive offloading
(B = 0.135, p < 0.001). However, H7b is supported in the
opposite direction, as Generative Al weakens the relationship
between information overload and cognitive offloading ( =
-0.130, p < 0.01), suggesting that Al may reduce the need for
offloading by helping individuals manage information
internally. Finally, H7c is not supported, as Generative Al
does not significantly moderate the relationship between
decision fatigue and cognitive offloading (B = 0.028, p >
0.05), indicating that Al is less effective under conditions of
cognitive depletion. Overall, these findings demonstrate that
cognitive load dimensions exert differential effects on
cognitive offloading and academic performance, while
Generative Al acts as a context-dependent boundary
condition, thereby extending existing theoretical perspectives
into Al-enabled academic environments as shown in Figure
2.

GenAl x Mental Effort (Significant)

GenAl x Information Overload (Significant)

GenAl x Decision Fatigue (Not Significant)
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Fig 2: Moderation Effect of GenAl

5. Discussion

The present study set out to examine how different
dimensions of cognitive load influence academic
performance through cognitive offloading in Al-enabled
learning environments, while also exploring the moderating
role of Generative Al. The findings provide strong support
for the proposed framework and offer several important
theoretical and practical insights by extending Cognitive
Load Theory, Extended Mind Theory, and Decision Support
Systems theory into the context of Al-assisted academic
decision-making.

5.1. Differential Effects of Cognitive Load Dimensions

One of the most important contributions of this study lies in
demonstrating that cognitive load is not a uniform construct
but rather multidimensional, with distinct effects on cognitive
offloading behavior. Consistent with Cognitive Load Theory,
both mental effort (H1) and information overload (H2) were
found to significantly increase cognitive offloading. This
suggests that when individuals face high levels of cognitive
demand—either due to task complexity or excessive
information—they actively seek to optimize their limited
cognitive resources by delegating tasks to external systems
such as Generative Al (Islam & Faisal Ali Khan, 2023) 22,
This behavior reflects the principle of cognitive economy,

where individuals aim to minimize effort while maintaining
performance. However, the findings related to decision
fatigue (H3) reveal a more nuanced perspective (Hakami et
al., 2023) 181, Contrary to the general assumption that higher
cognitive strain leads to increased reliance on external aids,
decision fatigue was found to negatively influence cognitive
offloading. This suggests that excessive cognitive depletion
may reduce individuals’ capacity or motivation to engage
with Al systems, leading to disengagement rather than
delegation. This finding introduces an important boundary
condition to Cognitive Load Theory, indicating that beyond
a certain threshold, cognitive load may no longer trigger
adaptive strategies such as offloading but instead result in

withdrawal or passive behavior (Suhluli & Ali Khan, 2022)
1541,

5.2. Cognitive Offloading as a Central Mechanism

The results confirm that cognitive offloading plays a central
mediating role in translating cognitive load into academic
outcomes. Supporting H4, cognitive offloading was found to
significantly enhance academic performance, indicating that
the use of Al as an external cognitive resource can improve
efficiency, accuracy, and decision quality (Medabesh &
Khan, 2020) 3. This finding aligns with Decision Support
Systems theory, which emphasizes the role of technological
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tools in enhancing decision-making processes by reducing
cognitive burden. At the same time, the positive effect of
mental effort on academic performance (H5a) highlights the
concept of productive cognitive engagement, suggesting that
not all cognitive load is detrimental. Moderate levels of effort
appear to enhance learning outcomes by promoting deeper
processing, critical thinking, and problem-solving (S. S. A.
Abidi & Khan, 2022) Bl This reinforces the idea that optimal
learning occurs when cognitive demand is balanced—not too
low to cause disengagement and not too high to cause
overload. In contrast, the non-significant effects of
information overload and decision fatigue on academic
performance (H5b and H5c) suggest that their influence may
be indirect rather than direct. Specifically, the negative
impact of these cognitive load dimensions may be mitigated
through cognitive offloading, indicating that individuals
compensate for cognitive strain by relying on Al systems.
This finding highlights the importance of considering
mediating mechanisms when examining the effects of
cognitive load on performance.

5.3. The Contingent Role of Generative Al

A key contribution of this study lies in uncovering the
context-dependent role of Generative Al in shaping cognitive
behavior. Supporting H6, Generative Al was found to
directly increase cognitive offloading, reinforcing its role as
an enabler of cognitive delegation. This is consistent with
Extended Mind Theory, which conceptualizes Al as an
extension of human cognition (S. Abidi & Faisal AU Khan,
2018) 1. However, the moderation results reveal that the role
of Al is far more complex than previously assumed. While
Generative Al strengthens the relationship between mental
effort and cognitive offloading (H7a), it weakens the
relationship between information overload and cognitive
offloading (H7b). This indicates that Al can both amplify and
substitute cognitive processes, depending on the nature of the
cognitive demand. Specifically, under high mental effort, Al
serves as a complementary resource, encouraging individuals
to offload cognitive tasks (S. M. F. A. Khan & Damanhouri,
2017) BU. In contrast, under conditions of information
overload, Al appears to help individuals manage and process
information internally, thereby reducing the need for
offloading. This dual role highlights that Al is not merely a
tool for delegation but also a mechanism for cognitive
augmentation and simplification (Singh et al., 2014) [,
Furthermore, the non-significant moderation effect for
decision fatigue (H7c) suggests that Al is less effective in
situations of cognitive depletion. When individuals are
fatigued, they may lack the cognitive resources or motivation
required to engage with Al systems, limiting the effectiveness
of technological support. This finding underscores the
importance of considering user state and cognitive readiness
when evaluating the impact of Al.

5.4. Theoretical Contributions

This study makes several important contributions to the
literature. First, it extends Cognitive Load Theory by
demonstrating that different types of cognitive load exert
distinct and sometimes opposing effects on cognitive
behavior. Second, it positions cognitive offloading as a
central adaptive mechanism that mediates the relationship
between cognitive load and performance. Third, it advances
Extended Mind Theory by empirically validating the role of
Generative Al as an external cognitive resource in academic
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contexts. Finally, it contributes to Decision Support Systems
theory by showing that Al not only enhances performance but
also reshapes how individuals manage cognitive demands.
Importantly, the study introduces the concept that Al
functions as a boundary condition rather than a universal
enhancer, influencing cognitive processes differently
depending on the context. This challenges the prevailing
assumption that Al uniformly improves decision-making and
highlights the need for a more nuanced understanding of
human-Al interaction.

5.5. Practical Implications

From a practical perspective, the findings suggest that
educators and institutions should carefully design Al-enabled
learning environments to balance cognitive load and promote
effective use of Al. While Al can enhance performance by
reducing cognitive burden, excessive reliance may hinder
deep learning. Therefore, it is important to encourage
strategic use of Al, where students engage in meaningful
cognitive processing while leveraging Al for support.
Additionally, the findings highlight the need to address
decision fatigue in academic settings, as excessive cognitive
depletion may reduce both engagement and effective use of
Al tools. Providing structured learning environments,
reducing unnecessary complexity, and promoting cognitive
recovery may enhance both learning outcomes and Al
utilization.

6. Conclusion and Future Research

This study investigated the relationships between cognitive
load dimensions, cognitive offloading, and academic
performance in Al-enabled learning environments, while
examining the moderating role of Generative Al. The
findings demonstrate that mental effort and information
overload significantly increase cognitive offloading, whereas
decision fatigue reduces it, highlighting the multidimensional
nature of cognitive load. Cognitive offloading was found to
enhance academic performance, confirming its role as a key
mechanism through which individuals manage cognitive
demands. Furthermore, Generative Al emerged as a context-
dependent factor, amplifying offloading under high mental
effort while reducing reliance under information overload,
thereby challenging the assumption that Al uniformly
facilitates cognitive delegation. The study contributes to
theory by extending Cognitive Load Theory and Extended
Mind Theory into Al-driven academic contexts, positioning
cognitive offloading as a central adaptive mechanism and
Generative Al as a boundary condition shaping cognitive and
performance outcomes.

Despite these contributions, several avenues for future
research remain. First, future studies could examine the non-
linear effects of cognitive load, particularly the optimal level
of mental effort that maximizes learning outcomes. Second,
longitudinal research is needed to assess the long-term impact
of cognitive offloading, especially its potential effects on
deep learning, critical thinking, and skill development. Third,
future research may explore additional moderating variables
such as technology readiness, trust in Al, and individual
differences, which may further explain variations in Al usage
and effectiveness. Finally, experimental and mixed-method
approaches could provide deeper insights into causal
mechanisms and behavioral dynamics underlying human—Al
interaction in educational settings. Overall, this study
provides a nuanced understanding of how cognitive processes
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and Al technologies interact, offering a foundation for future
research on optimizing learning and decision-making in
increasingly Al-driven environments.
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