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Abstract. The integration of AI tools in academic settings has introduced 
a distinct form of strain that existing frameworks like technostress and 
digital fatigue have not yet fully addressed. This study develops a 
conceptual model and identifies the dimensions that define AI fatigue as 
a form of strain arising from sustained academic use of AI tools. Using 
grounded theory analysis of open-ended responses from 1,054 university 
students across three universities in the Philippines, the study examined 
the cognitive, motivational, emotional, physical, and attentional 
pressures students experienced during AI-supported academic work. 
Analysis produced five dimensions of AI fatigue, namely Cognitive 
Overload, Motivational Disengagement, Moral Unease, Physical Strain, 
and Attentional Drift, each consisting of two indicators grounded in 
participant accounts. The findings also yielded the AI Fatigue Model, a 
stage-based framework that explains how these pressures accumulate 
and reinforce one another across repeated AI interaction in academic 
tasks. These contributions establish a conceptual and exploratory 
foundation for AI fatigue as a distinct construct and provide a basis for 
future instrument validation, scale development, and cross-contextual 
inquiry in academic settings where AI now mediates student learning.  
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1. Introduction  
Students now use Artificial Intelligence (AI) tools in many academic tasks, and 
this shift exposes them to pressures that existing research has not yet defined or 
explained. Studies on technostress show that digital tasks can create overload and 
mental strain, with overuse of technology consistently associated with elevated 
stress among university students (Cazan et al., 2024; Nisafani et al., 2020). 
Research on digital fatigue similarly found that learners experienced eye strain, 
frustration, and reduced attention during extended digital work (Dhir et al., 2018; 
Şambel Aykutlu et al., 2024), and Saleem et al. (2024) observed lower learning 
quality among online learners who faced demanding technological requirements. 
These studies establish that digital environments can generate strain, yet they do 
not address the pressures that may arise when students interact with AI systems 
that produce rapid, lengthy, or inconsistent outputs. 
 
Established frameworks for technology-related strain, including technostress 
models describing overload and reduced control (Kumar, 2024; Wang & Yao, 
2025), digital fatigue models describing screen-driven exhaustion (Ibrahim, 
Khaled, et al., 2025; Zhang & Deng, 2025), and Zoom fatigue models describing 
sensory and cognitive strain during synchronous communication (Salim et al., 
2022; Tolentino & Miranda, 2020; Usta Kara & Esroy, 2022), show that technology 
influences thinking, motivation, and well-being. These models, however, do not 
address AI-specific pressures that emerge during repeated prompting, reviewing, 
and verification of AI-generated content, offering only partial insight into the 
form of strain during sustained AI-supported academic work. 
 
Technostress describes overload and reduced control during general technology 
use and does not address the cognitive demands of prompting, reviewing, and 
verifying AI-generated outputs (Kumar, 2024; Nisafani et al., 2020). Digital fatigue 
involves screen-driven exhaustion during extended digital work but does not 
account for the motivational and moral pressures that emerge when students 
repeatedly rely on AI to complete academic requirements (Ibrahim, Khaled, et al., 
2025). Zoom fatigue captures sensory and cognitive strain during synchronous 
video communication and is limited to a single platform and a single mode of 
interaction (Moralista et al., 2022; Salim et al., 2022; Tolentino & Miranda, 2020; 
Usta Kara & Esroy, 2022).  
 
AI fatigue, as examined in this study, differs from these constructs because it 
arises from a specific pattern of interaction: students repeatedly prompt an AI 
system, receive rapid and often lengthy outputs, verify those outputs against their 
own understanding, and cycle through this process across multiple academic 
tasks. The inconsistency of AI responses and the prevalence of hallucinated 
content require students to repeatedly check and compare outputs, adding 
cognitive demands that existing frameworks do not account for as reported by 
earlier studies (Kim et al., 2025; Sanz-Tejeda et al., 2026; Shi et al., 2025; Zhai et al., 
2024). Whether this pattern produces a coherent and distinct form of strain is the 
central question this study addresses. 
 



93 

 

http://ijlter.org/index.php/ijlter 

Evidence shows that AI tools influence cognition and behavior in ways that differ 
from traditional digital platforms. Zhai et al. (2024) found that reliance on AI 
dialogue systems was associated with weaker critical thinking and reduced 
independent reasoning across fourteen empirical studies, and Gerlich (2025) 
reported higher cognitive offloading and lower analytical persistence among 
participants who used AI tools for complex tasks. Tian and Zhang (2025) found 
that greater AI dependence was associated with lower critical thinking, with 
cognitive fatigue partially mediating this relationship, while Kim et al. (2025) 
noted that inconsistent AI responses increased the verification demands placed 
on students. Yang et al. (2025) further documented that the shift from 
instrumental AI use to cognitive dependence was associated with weakened 
independent thinking and reduced creative output. These pressures appear across 
separate studies but have not yet been described as a single coherent 
phenomenon. 
 
Existing models and measurement instruments reveal further gaps because 
available tools assess general digital strain but do not measure the pressures 
linked with AI-supported academic tasks. For example, Daud (2025) found that 
hybrid technology adoption increased task pressure and switching demands 
among university students (Fabian et al., 2024; Ibrahim et al., 2025), yet the study 
did not address strain linked with AI-generated outputs. Current scales measure 
technostress, digital overload, or academic fatigue (Cao et al., 2025; Carmona-
Halty et al., 2024; Morales-García et al., 2024; Tafesse et al., 2024; Yglesias-Alva et 
al., 2025), yet none of these tools assess strain from repeated interaction with AI 
systems. Research on generative AI use in academic writing has also documented 
emotional tensions around authorship and non-disclosure, showing that students 
experience discomfort when AI output quality exceeds their own perceived 
competence, which raises concerns about epistemic ownership and academic 
integrity (Qu et al., 2025).  
 
No existing model explains how cognitive, motivational, emotional, physical, and 
attentional pressures may strengthen across sustained AI use, and no 
measurement instrument evaluates these pressures in a systematic way. Studies 
on technostress have begun to examine how strain develops through sequential 
psychological mechanisms, but these models focus on general technology 
demands rather than the specific interaction cycle produced by AI-generated 
outputs (Avcı, 2026). These gaps show that research has not yet conceptualized or 
measured the emerging form of strain that students may experience when they 
complete academic work with AI support. 
 
The present study responds to this gap by examining student accounts to identify 
whether the pressures in AI-supported academic work form a coherent structure 
that differs from the patterns described in earlier research. Therefore, the study 
introduces the AI Fatigue Model as the first stage-based framework explaining 
how strain develops and progresses across AI-supported academic tasks, and 
identifies the dimensions and indicators of AI fatigue as an initial conceptual 
foundation for future instrument development. These contributions provide a 
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basis for theoretical development, empirical validation, and instructional use in 
academic environments where AI now shapes student learning.  
 

2. Methodology 
2.1 Research Design 
This study utilized a qualitative design guided by grounded theory. The design 
allowed the researchers to analyze student accounts of AI-related strain, 
determine whether the pressures formed a coherent structure, and develop a 
conceptual model grounded directly in participant accounts. 
 
2.2 Research Locale, Population, and Sampling 
The study took place in three universities in Pampanga, Philippines. The 
population included students who had used AI chatbots for academic activities. 
The study included three groups of participants: those who participated in  face-
to-face interviews, those who joined virtual interviews, and those who answered 
the same questions through an online survey. Teachers invited students to 
complete the survey through Google Forms, and campus administrators helped 
distribute the link within the institutions. Prior todata collection, the protocol in 
this study was subjected to ethics review and acquired the clearance in a 
university. The sample included 1,054 students (507 male and 547 female) with a 
mean age of 19.21 years old. 
 
2.3 Research Instrument and Data Gathering Procedure 
The first group of participants took part in face-to-face interview sessions 
conducted by an independent interviewer who was not part of the research team. 
Each session lasted approximately 15 to 20 minutes. Participants answered open-
ended questions designed to explore their experiences with AI-related fatigue. Six 
main questions guided the discussion. The first question, “Can you describe your 
experiences using AI chatbots such as ChatGPT or similar tools for your studies?” 
gathered detailed accounts of how students interact with AI tools in their 
academic activities. The second question, “What kinds of school tasks or activities do 
you usually use them for?” identified the specific academic contexts where AI tools 
are most often used.  
 
The third question, “What do you usually feel or experience, whether physical, 
emotional, or mental, after using these AI tools frequently for academic work?” explored 
the types of fatigue or strain that students experience after frequent AI use. The 
fourth question, “Have you ever felt tired, overwhelmed, or unmotivated when using 
them?” determined whether students experience emotional or motivational 
exhaustion related to AI use. The fifth question, “In what ways has your frequent use 
of AI tools negatively affected your learning habits, motivation, or focus?” examined 
possible behavioral or academic consequences of prolonged AI interaction. The 
final question, “Do you notice any negative changes in how you study or approach 
academic tasks compared to before you started using AI tools?” examined changes in 
students’ learning approaches over time. 
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All questions were available in both English and Filipino. The Filipino version 
was verified by a Filipino language professor. Students were first presented with 
the English version but were informed that a Filipino translation was also 
available. For the survey distribution, the same set of questions was provided 
through Google Forms, allowing respondents to answer in either language. The 
forms were distributed within the schools through their deans, campus directors, 
and program chairpersons. 
 
2.4 Data Analysis 
The collected responses were analyzed using grounded theory following the 
three-stage coding procedure described by Corbin and Strauss (2008): open 
coding, axial coding, and selective coding. Two researchers independently read 
all responses before coding began to develop familiarity with the range of 
experiences participants described. In the open coding stage, they independently 
assigned descriptive labels to phrases and statements that reflected experiences of 
strain, difficulty, or discomfort during academic AI use, grounding each label 
directly in participant language. In the axial coding stage, related labels were 
grouped into clusters, with each cluster representing a specific and recurring form 
of pressure across participant accounts. These clusters formed the indicators.  
 
In the selective coding stage, they identified broader categories that connected the 
indicators into coherent dimensions, retaining a dimension only when both 
researchers independently agreed that its indicators reflected a unified form of 
strain. When the two researchers produced different labels or groupings at any 
stage, a third researcher was consulted to reach a final decision. They also 
examined the sequence in which participants described these pressures across 
their AI use experiences, and this sequence informed the stage-based structure of 
the model that emerged from the analysis. 
 

3. Results 
The analysis of 1,054 participant responses produced five dimensions of AI 
fatigue through the three-stage grounded theory coding process described in the 
Methodology. This process produced ten indicators organized under five 
dimensions: Cognitive Overload, Motivational Disengagement, Moral Unease, 
Physical Strain, and Attentional Drift. The response counts in Table 1 reflect the 
number of participants whose accounts were coded under each dimension or 
indicator. Table 1 presents the five dimensions and their related indicators. 
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Table 1: Core dimensions, indicators, and representative responses of AI fatigue 

Dimensions (Total 
Responses) 

Indicators 
Representative Sample Responses  

(Total Responses) 

Cognitive overload 
(310) 

Output 
Overwhelm 

“My mind is now having a hard time 
thinking or functioning.” (65) 
“My head feels heavy when AI gives long 
answers.” (58) 
“I get overwhelmed because I see too many 
options.” (61)  

Verification 
Strain  

“I feel mentally exhausted after checking so 
many outputs.” (72) 
“I need to read again and again because AI 
gives different answers.” (41) 
“It drains me because I must verify 
everything.” (32) 

Motivational 
disengagement (270) 

Initiative Loss “It makes me feel lazy to do my 
schoolwork.” (74) 
“I ask AI before I even try to think.” (59) 
“I find it hard to think without using AI.” 
(51)  

Competence 
Doubt 

“I lost confidence because I rely on it too 
much.” (41) 
“I feel stressed because I am not learning the 
same way.” (44) 
“I worry that I depend on it for everything.” 
(33) 

Moral unease (190) Authorship 
Guilt 

“It feels wrong because it is not my own 
effort.” (29) 
“I sometimes feel guilty because I rely on 
AI.” (68) 
“I feel uneasy because it feels like cheating.” 
(37)  

Understanding 
Gap 

“It bothers me that my output looks better 
than my actual understanding.” (21) 
“I feel stressed because I know I am not 
learning the same way.” (44) 
“I feel sad when I compare my work with 
AI’s ideas.” (28) 

Physical strain (120) Visual Fatigue “My eyes hurt after reading many AI 
explanations.” (47) 
“My eyes get tired because I read too much 
on the screen.” (23) 
“My head feels painful because the 
information is not accurate.” (32)  

Session 
Exhaustion 

“I get physically drained after long sessions 
with AI.” (24) 
“I feel tired from sitting too long using AI.” 
(11) 
“I feel restless after checking AI too many 
times.” (6) 
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Dimensions (Total 
Responses) 

Indicators 
Representative Sample Responses  

(Total Responses) 

Attentional drift 
(125) 

Pace 
Impatience 

“I get impatient when I need to read my 
textbook after using AI.” (19) 
“AI gives answers too fast and I lose 
patience with slower materials.” (14) 
“I feel restless when switching back to 
normal reading.” (11)  

Restless 
Switching 

“I lose focus because I jump from one 
question to another.” (27) 
“I keep switching tabs because I want faster 
answers.” (38) 
“I get overwhelmed when AI gives too 
much information.” (33) 

 
Cognitive overload was reflected in participant accounts of difficulty processing 
AI-generated outputs and performing repeated verification tasks. Participants 
described mental strain arising from the volume and density of AI responses, with 
statements such as “My mind is now having a hard time thinking or functioning” (n = 
65), “My head feels heavy when AI gives long answers” (n = 58), and “I get overwhelmed 
because I see too many options” (n = 61) reflecting the output overwhelm indicator. 
Verification strain was equally prominent, as participants reported exhaustion 
from repeated checking, stating “I feel mentally exhausted after checking so many 
outputs” (n = 72) and “I need to read again and again because AI gives different answers” 
(n = 41). A total of 32 participants described this repeated verification as draining 
because they felt compelled to confirm every output before using it academically. 
 
Motivational disengagement was reflected in participant accounts of reduced 
initiative and growing reliance on AI for academic tasks. The initiative loss 
indicator was evident in statements such as “It makes me feel lazy to do my 
schoolwork” (n = 74), “I ask AI before I even try to think” (n = 59), and “I find it hard to 
think without using AI” (n = 51), which described a pattern of bypassing 
independent effort in favor of immediate AI assistance. The competence doubt 
indicator was reflected in accounts of eroding academic confidence, with 
participants stating, “I lost confidence because I rely on it too much” (n = 41) and “I 
feel stressed because I am not learning the same way” (n = 44). A total of 33 participants 
also expressed concern about the extent to which they had come to depend on AI 
across multiple academic requirements. 
 
Moral unease was reflected in participant accounts of tension surrounding 
authorship and the perceived gap between AI-generated output and actual 
understanding. The authorship guilt indicator was evident in statements such as 
“It feels wrong because it is not my own effort” (n = 29), “I sometimes feel guilty because 
I rely on AI” (n = 68), and “I feel uneasy because it feels like cheating” (n = 37), which 
described discomfort arising from the use of AI-generated content in academic 
submissions. The understanding gap indicator was reflected in accounts of 
distress over the disparity between output quality and personal competence, with 
participants stating “It bothers me that my output looks better than my actual 
understanding” (n = 21) and “I feel stressed because I know I am not learning the same 
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way” (n = 44). A total of 28 participants also described feeling discouraged when 
they compared their own ideas with those produced by AI. 
 
Physical strain was reflected in participant accounts of bodily discomfort arising 
from reading and verifying AI-generated outputs during academic work. The 
visual fatigue indicator was evident in statements such as “My eyes hurt after 
reading many AI explanations” (n = 47), “My eyes get tired because I read too much on 
the screen” (n = 23), and “My head feels painful because the information is not accurate” 
(n = 32), which described ocular and cranial discomfort associated with extended 
reading of AI-generated content. The session exhaustion indicator was reflected 
in accounts of physical depletion following prolonged AI use, with participants 
stating, “I get physically drained after long sessions with AI” (n = 24) and “I feel tired 
from sitting too long using AI” (n = 11). A total of six participants also described 
restlessness after repeated checking of AI responses. 
 
Attentional drift was reflected in participant accounts of difficulty sustaining 
focus during and after AI-supported academic work. The pace impatience 
indicator was evident in statements such as “I get impatient when I need to read my 
textbook after using AI” (n = 19), “AI gives answers too fast and I lose patience with 
slower materials” (n = 14), and “I feel restless when switching back to normal reading” 
(n = 11), which described a reduced tolerance for the pace of traditional learning 
materials following exposure to the rapid response speed of AI tools. The restless 
switching indicator was reflected in accounts of fragmented attention and tab-
switching behavior, with participants stating, “I lose focus because I jump from one 
question to another” (n = 27) and “I keep switching tabs because I want faster answers” 
(n = 38). A total of 33 participants also described feeling overwhelmed when AI 
returned large volumes of information. 
 
The AI Fatigue Model reflects the progression of student experiences across 
repeated academic AI use. In the Initial Effort Reduction stage, students described 
how AI lowered early cognitive load and allowed quick progress on simple tasks, 
with statements such as “I ask AI before I even try to think” (n = 59) and “I find it hard 
to think without using AI” (n = 51) reflecting how AI became a first response to 
academic demands rather than a supplementary tool. As AI use expanded into 
more complex work such as generating explanations and organizing ideas, 
students’ exposure to long and dense outputs increased, marking the Expansion 
of AI Roles stage.  
 
In the Accumulation of Strain stage, students began experiencing pressures across 
the five dimensions, particularly cognitive overload and physical strain, as 
reflected in statements such as “I feel mentally exhausted after checking so many 
outputs” (n = 72) and “I need to read again and again because AI gives different answers” 
(n = 41). The Disruption of Self-Regulation stage followed, with students 
describing difficulty maintaining study routines and resisting AI reliance, as 
reflected in “It makes me feel lazy to do my schoolwork” (n = 74) and “I lost confidence 
because I rely on it too much” (n = 41). In the Fatigue Consolidation stage, strain 
became heavier and more persistent, with moral unease and attentional drift 
becoming more prominent alongside cognitive and motivational pressures. The 
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Feedback Loop represents the return to earlier stages when AI use continues, 
reinforcing and intensifying all pressures across each subsequent cycle. Figure 1 
shows the full structure of this model. 
 

 
Figure 1: Conceptual Model of AI Fatigue 

 

4. Discussion 
This study identified five dimensions of AI fatigue that emerge from sustained 
academic use of AI tools among university students: Cognitive Overload, 
Motivational Disengagement, Moral Unease, Physical Strain, and Attentional 
Drift. Each dimension was grounded in participant accounts and supported by 
two indicators that captured specific and recurring forms of pressure during AI-
supported academic work. Cognitive Overload was the most frequently reported 
dimension (n = 310), followed by Motivational Disengagement (n = 270), Moral 
Unease (n = 190), Attentional Drift (n = 125), and Physical Strain (n = 120).  
 
These findings align with and extend earlier research on technology-related 
strain, cognitive offloading, and academic integrity in AI-supported learning 
environments (Gerlich, 2025; Manalese et al., 2025; Nastjuk et al., 2024; Qu et al., 
2025; Zhai et al., 2024). The results also produced the AI Fatigue Model, a stage-
based framework that explains how these pressures accumulate and reinforce one 
another across repeated AI interaction, distinguishing AI fatigue from 
technostress and digital fatigue as a coherent and progressively developing form 
of strain. 
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4.1 Cognitive Overload 
Cognitive Overload was the most prominent dimension, with 310 participants 
reporting mental strain from processing AI-generated outputs and performing 
repeated verification tasks. The two indicators, Output Overwhelm and 
Verification Strain, reflected distinct but related sources of cognitive pressure, as 
participants described difficulty handling the volume and density of AI responses 
and exhaustion from repeatedly checking outputs for accuracy and consistency.  
 
Tian and Zhang (2025) found that cognitive fatigue partially mediated the 
relationship between AI dependence and reduced critical thinking, suggesting 
that sustained engagement with AI-generated content accumulates mental effort 
over time. Triki and Turki (2025) similarly documented cognitive overload as a 
dimension of AI-related consumer fatigue, noting that output volume and 
complexity exceeded users’ processing capacity during repeated interactions, 
while Shalu et al. (2025) reported that AI anxiety contributed to decision fatigue 
that shares structural similarities with the Output Overwhelm indicator identified 
in this study. These findings collectively suggest that the cognitive demands of 
academic AI use extend beyond learning the tool itself to the sustained effort of 
managing, evaluating, and verifying its content, positioning Cognitive Overload 
as a foundational pressure that may trigger the other dimensions of AI fatigue. 
 
4.2 Motivational Disengagement 
Motivational Disengagement was the second most reported dimension, with 270 
participants describing reduced initiative and growing reliance on AI for 
academic tasks. The two indicators, Initiative Loss and Competence Doubt, 
captured a pattern in which students bypassed independent effort in favor of 
immediate AI assistance and experienced eroding confidence in their own 
academic capabilities, with many expressing concerns that their reliance had 
extended beyond individual tasks to broader academic functioning. Zhai et al. 
(2024) found that over-reliance on AI dialogue systems was associated with 
weaker critical thinking and reduced independent reasoning across fourteen 
empirical studies, and Yang et al. (2025) further documented that the shift from 
instrumental AI use to deeper cognitive dependence was associated with 
weakened independent thinking and reduced creative output.  
 
Abbas et al. (2024) found that ChatGPT usage was associated with increased 
procrastination tendencies and memory loss, suggesting that sustained AI 
reliance may also impair the cognitive retention that underpins independent 
academic functioning, while Bai and Wang (2025) found that GAI interaction 
quality and output quality significantly influenced students’ learning motivation 
and academic self-efficacy. These findings collectively suggest that Motivational 
Disengagement operates at both the behavioral and self-concept levels, as 
students who rely heavily on AI not only bypass independent effort but also begin 
to question their own learning and academic capability. 
 
4.3 Moral Unease 
Moral Unease was the third dimension identified in this study, with 190 
participants reporting tension surrounding authorship and a perceived gap 
between AI-generated output quality and their actual understanding. The two 
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indicators, Authorship Guilt and Understanding Gap, reflected ethical and 
epistemic discomfort that emerged during sustained AI use, as participants 
described guilt over submitting AI-generated content as their own work and 
distress over the disparity between what AI produced and what they genuinely 
understood. Cotton et al. (2024) documented significant tension around 
authorship and academic honesty in AI-supported settings, and Dong et al. (2025) 
similarly recorded emotional discomfort and learning burnout among students 
who misused generative AI, suggesting that moral tension about AI use can 
develop into a persistent form of strain.  
 
Qu et al. (2025) showed that students experienced discomfort when AI output 
quality exceeded their own perceived competence, which directly corresponds to 
the Understanding Gap indicator, while Seran et al. (2025) described generative 
AI-induced cognitive dissonance where students held conflicting beliefs about the 
value and legitimacy of AI-assisted work. Saracini et al. (2025) and Klimova and 
Pikhart (2025) also noted emotional and ethical tensions in human-AI 
relationships in educational contexts. The Moral Unease dimension extends these 
findings by showing that ethical discomfort during AI use is not simply about rule 
violation but also about students’ awareness of a growing gap between their AI-
assisted outputs and their actual learning, adding a distinctive epistemic 
dimension that earlier frameworks have not captured. 
 
4.4 Physical Strain 
Physical Strain was the fourth dimension identified in this study, with 120 
participants reporting bodily discomfort arising from reading and verifying AI-
generated outputs during academic work. The two indicators, Visual Fatigue and 
Session Exhaustion, captured distinct but related forms of physical discomfort, as 
participants described ocular and cranial discomfort from extended reading of AI-
generated content and physical depletion following prolonged AI use sessions. 
Devi and Singh (2023) documented the hazards of excessive screen time on 
physical health, including eye strain, headaches, and postural fatigue, which 
correspond directly to both indicators identified in this study, and Şambel 
Aykutlu et al. (2024) similarly reported that extended digital media use produced 
significant effects on digital eye strain among adolescent and university learners.  
 
Klimova and Pikhart (2025) also noted physical well-being concerns among 
students who engaged heavily with AI tools in higher education, further 
supporting the presence of this dimension in AI-supported academic contexts. 
The Physical Strain dimension extends these findings by sitting in physical 
discomfort specifically within the AI interaction context, where the demands of 
reading lengthy and dense outputs and performing repeated verification tasks 
place sustained demands on the body that differ from general screen fatigue. 
 
4.5 Attentional Drift 
Attentional Drift was the fifth dimension identified in this study, with 125 
participants reporting difficulty sustaining focus during and after AI-supported 
academic work. The two indicators, Pace Impatience and Restless Switching, 
captured how repeated exposure to the rapid response speed of AI tools reduced 
students’ tolerance for the pace of traditional learning materials and produced 
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fragmented attention, as participants described growing impatience when 
returning to textbooks after using AI and habitual tab-switching behavior driven 
by a preference for faster answers. Dhir et al. (2018) documented reduced 
attention and frustration during extended digital work, and Şambel Aykutlu et al. 
(2024) reported that heavy digital media use disrupted sustained attention among 
adolescent and university students, establishing that attentional disruption is a 
recognized consequence of extended digital engagement.  
 
Tafesse et al. (2024) found that digital overload was associated with reduced 
student engagement and increased switching behavior, which corresponds 
directly to the Restless Switching indicator, while Ibrahim, Al Marar, et al. (2025) 
found that multiple educational technologies increased digital cognitive load, 
suggesting that AI interaction compounds the attentional demands already 
produced by other digital tools. The Pace Impatience indicator extends earlier 
research by showing that AI tools do not merely distract students but actively 
recalibrate their expectations about the pace of information delivery, as the near-
instantaneous response speed of AI systems creates a contrast effect that makes 
traditional reading and reasoning feel disproportionately slow, gradually eroding 
students’ capacity for sustained independent study. 
 
4.6 AI Fatigue Conceptual Model 
The AI Fatigue Model proposes a stage-based explanation of how the five 
dimensions develop and reinforce one another across repeated academic AI use 
through six progressively intensifying stages, as described in the Results section. 
This structure distinguishes AI fatigue from technostress and digital fatigue, 
which describe strain as a general response to technology demands, whereas Avcı 
(2026) noted that existing technostress models focus on general technology 
demands rather than the specific interaction cycle produced by AI-generated 
outputs, and Nastjuk et al. (2024) similarly found that technostress frameworks 
did not account for the motivational, emotional, and attentional dimensions that 
emerge specifically from AI interaction (Miranda et al., 2025).  
 
The stage-based structure is supported by participant accounts in this study: the 
Initial Effort Reduction and Expansion of AI Roles stages are consistent with 
findings from Gerlich (2025) and Yang et al. (2025), who documented how AI tools 
initially reduce cognitive effort before encouraging expanded and increasingly 
dependent use across more complex academic tasks. The Accumulation of Strain 
stage is consistent with Tian and Zhang (2025) and Shalu et al. (2025), who 
documented converging cognitive and decision fatigue as AI interaction 
intensified, while the Disruption of Self-Regulation stage aligns with the 
motivational depletion and competence doubt described by Zhai et al. (2024) and 
Gerlich (2025). The Fatigue Consolidation stage and Feedback Loop are supported 
by Cotton et al. (2024), Qu et al. (2025), and Tafesse et al. (2024), whose findings 
on ethical tensions, epistemic discomfort, and attentional disruption reflect the 
pressures that become most prominent in the later stages of repeated AI use, 
where continued engagement perpetuates and intensifies strain across all 
dimensions rather than allowing recovery. 
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The findings of this study are situated within a higher education context where 
AI adoption notably outpaces institutional readiness. An ASEAN Foundation 
report found that most students in the Philippines have used generative AI tools 
for educational purposes, yet only half of schools in the region provide adequate 
training and clear usage guidelines, and fewer than half of educators express 
confidence in institutional AI policies and governance frameworks (Barro II, 2026; 
Manalese et al., 2025; Quiambao, 2026). This gap creates conditions where 
students use AI tools extensively without structured guidance on managing the 
pressures that sustained use produces, making the dimensions identified in this 
study, particularly Motivational Disengagement and Moral Unease, especially 
relevant in this context. These conditions are not unique to the Philippines, as 
most students across ASEAN rely on AI for information search and writing 
assistance while institutional readiness remains consistently low across the region 
(Rosales, 2026), suggesting that the AI Fatigue Model may have transferability to 
other ASEAN countries where high AI adoption similarly outpaces institutional 
preparedness. 
 
The study also carries practical implications for researchers, educators, and 
institutions. Researchers can use the five dimensions and the stage-based model 
as a conceptual basis for item generation in scale development and for examining 
how strain accumulates across different levels of AI use intensity. Educators can 
use the model to identify points in the academic task cycle where cognitive or 
motivational pressure is likely to increase and adjust task design, pacing, and 
scaffolding accordingly, such as building structured reflection activities that 
prompt students to evaluate their own reasoning independently of AI output. 
Institutions can use the model to design AI literacy programs that address the 
psychological and motivational pressures of sustained AI use, supporting more 
regulated and intentional academic AI engagement. 
 

5. Conclusion 
This study addressed a gap in existing technology-related strain frameworks by 
identifying five dimensions of AI fatigue, namely Cognitive Overload, 
Motivational Disengagement, Moral Unease, Physical Strain, and Attentional 
Drift, through grounded theory analysis of responses from 1,054 students across 
three universities in the Philippines. Unlike technostress, digital fatigue, and 
Zoom fatigue frameworks, which describe strain as a general response to 
technology demands, the AI Fatigue Model explains how these pressures 
accumulate and reinforce one another through a six-stage progression, 
constituting the first conceptual framework specific to AI fatigue in academic 
contexts. The five dimensions and the stage-based model provide a foundation 
for instrument development, scale validation, and cross-contextual empirical 
inquiry, and the model can guide educators and institutions in designing 
pedagogical interventions and AI literacy programs that address the 
psychological and motivational pressures produced by sustained academic AI 
use. 
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The findings are exploratory, as the sample was drawn from three universities in 
one academic region and the analysis relied on self-reported data, and the model 
requires empirical validation before broader application. Future research should 
validate the construct through confirmatory factor analysis, examine how the 
model manifests across varied cultural and institutional contexts, test its 
applicability with domain-specific AI tools, and determine whether the five 
dimensions and stage-based progression generalize to other ASEAN countries 
where AI adoption similarly outpaces institutional preparedness. 
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