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Abstract 
The integration of Large Language Models (LLMs) such as ChatGPT in higher education presents both transformative 
opportunities and critical pedagogical challenges. This study examines the motivations, behaviors, and contextual 
factors that contribute to students’ over-reliance on LLMs, with particular attention to cognitive, social, and institutional 
dynamics. Adopting a qualitative research design grounded in Root Cause Analysis (RCA), the study draws on guided 
interviews with undergraduate students across professional disciplines. Five interrelated themes emerged: LLMs as 
learning substitutes, time pressure and efficiency seeking, normalization through peer influence, ethical ambiguity and 
misuse, and institutional gaps in support and guidance. While LLMs enhance accessibility and efficiency, findings 
indicate that excessive reliance encourages cognitive offloading, weakens critical thinking, and reshapes students’ 
learning practices toward surface-level engagement. The study further reveals limited institutional preparedness, 
characterized by inadequate faculty development, minimal ethical training, and the absence of clear policies governing 
AI use. Peer norms and competitive academic cultures further reinforce reliance on LLMs as normalized practice. In 
response, the study proposes policy, pedagogical, and institutional reforms aimed at promoting ethical AI literacy, 
critical engagement, and equitable access. By foregrounding students’ lived experiences, this research contributes to 
the growing discourse on digital transformation in higher education and underscores the need to align LLM integration 
with responsible learning practices that strengthen intellectual autonomy and academic integrity. 
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Introduction 
Artificial Intelligence (AI) is increasingly becoming 

a pivotal component in higher education, 

transforming teaching, learning, and administrati

ve processes. The rapid integration of AI tools—

particularly Large Language Models (LLMs) like 

ChatGPT—has redefined academic engagement by 

enabling personalized learning experiences, 

streamlining institutional operations, and support

ing data-driven decision-making. Intelligent 

tutoring systems and adaptive platforms tailor 

educational content to individual student needs, 

while AI-driven tools provide immediate feedback, 

encourage deeper inquiry, and enhance learning 

strategies (1, 2). In disciplines such as law, AI 

supports problem-solving and academic 

performance through targeted feedback (3). On the 

administrative front, AI automates grading, 

admissions, and scheduling tasks, thereby 

improving institutional efficiency and strategic 

planning (4, 5). However, the benefits of AI 

integration are accompanied by ethical and social 

concerns, including risks to academic integrity, 

data privacy, and critical thinking (6, 7). Moreover, 

unequal access to AI technologies and limited 

digital literacy may exacerbate educational 

inequalities (8). As AI continues to influence 

curriculum design and pedagogy, there is a 

growing need for faculty training and ethical 

frameworks to guide its responsible use (1, 5). AI 

must be harnessed not only for innovation but also 

for promoting equitable and quality education. 

This study contributes to that objective by 
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exploring the root causes of student over-reliance 

on LLMs in higher education, using qualitative 

interviews and root cause analysis to uncover the 

interplay between behavioral, social, and 

institutional factors shaping students’ use of AI in 

academic contexts. 

The integration of innovative technologies, 

particularly Artificial Intelligence (AI), into 

education has ushered in a new era of 

transformative possibilities. From personalized 

learning to global accessibility, AI offers powerful 

tools to enhance teaching, streamline 

administrative processes, and make education 

more inclusive and responsive. Among the most 

celebrated benefits is AI’s ability to personalize 

learning experiences through intelligent tutoring 

systems and adaptive platforms that tailor content 

to student needs, boosting engagement and 

academic outcomes (9, 10). Innovative pedagogical 

strategies like gamification, project-based 

learning, and flipped classrooms—often supported 

by digital tools—have further transformed 

traditional classrooms into interactive spaces that 

promote motivation and participation (11). 

Additionally, AI contributes to administrative 

efficiency by automating tasks such as grading and 

scheduling, allowing educators more time to focus 

on instruction (9). Its role in expanding global 

accessibility is also significant, providing 

educational opportunities for learners in remote, 

underserved, and differently-abled communities 

(12). However, these advancements are not 

without pitfalls. Ethical concerns related to data 

privacy, algorithmic bias, and consent demand 

robust safeguards (10, 13). The persistent digital 

divide threatens to widen educational inequalities, 

leaving marginalized students behind (12). 

Furthermore, over-reliance on AI may erode 

critical thinking, reduce the human dimension of 

teaching, and diminish the role of educators (14, 

15). Job displacement is another growing concern 

as automation increasingly takes over tasks 

traditionally performed by educators and staff 

(12). To ensure AI enhances rather than 

undermines education, it is essential to strike a 

balance between technological innovation and 

educational integrity. This paper explores the dual 

realities of promise and risk in the use of AI in 

education, offering insights into how innovation 

can be responsibly integrated without 

compromising core educational values. 

As Artificial Intelligence (AI) becomes increasingly 

embedded in educational systems, the need to 

ensure its reliability, ethical use, and effectiveness 

grows ever more urgent. Root Cause Analysis 

(RCA), a method traditionally used in engineering 

and healthcare, offers a powerful tool for 

addressing the complexities and potential failures 

inherent in AI-integrated learning environments. 

Unlike approaches that focus on individual errors, 

RCA emphasizes the identification of systemic and 

procedural flaws, making it particularly relevant in 

educational contexts where the implications of 

failure affect student learning outcomes, data 

privacy, and equity (16). With AI systems relying 

on vast datasets and algorithms, challenges such as 

mislabeled or insufficient training data can 

undermine performance and exacerbate bias. 

Recent advances in RCA methodologies—such as 

decision-tree models, unsupervised and semi-

supervised learning, and frequent-pattern 

mining—offer innovative ways to detect, analyze, 

and correct systemic issues in AI applications (17). 

These techniques allow institutions to diagnose 

failures with greater accuracy and design more 

robust systems that support both ethical principles 

and improved educational outcomes. Moreover, 

RCA contributes to building trust in AI 

technologies by exposing root causes of 

algorithmic bias or unintended behaviors, enabling 

the design of fairer, more transparent, and 

accountable systems (12, 18). As educational 

institutions increasingly rely on AI to personalize 

learning, automate assessments, and manage 

student data, RCA becomes essential for 

safeguarding quality and equity in digital 

education (19). This paper explores the central 

role of RCA in AI-integrated learning, analyzing 

both technical and ethical implications, and 

advocating for its broader adoption as a 

foundational practice in educational innovation. 

Root Cause Analysis (RCA) was selected for this 

study because it enables systematic examination of 

complex, multi-level educational phenomena by 

tracing observable behaviors back to their 

underlying structural and procedural origins. 

Unlike conventional qualitative approaches that 

primarily emphasize meaning-making or theory 

construction, RCA is explicitly diagnostic in 

orientation, making it particularly suitable for 

investigating AI-related learning challenges that 
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emerge from interacting cognitive, social, and 

institutional factors. 

The objective of this study is to investigate the 

behavioral, motivational, social, and institutional 

dimensions underlying students’ use of Large 

Language Models (LLMs) in higher education, with 

a particular focus on patterns that indicate over-

reliance. By exploring how students describe their 

use of LLMs in academic tasks, the study aims to 

identify motivations and behaviors that may 

reflect a substitution of critical thinking with AI-

generated content. It further seeks to examine the 

perceived root causes of this reliance, the influence 

of peer norms and academic culture, and the extent 

to which students feel supported or guided by 

faculty and institutional policies. Understanding 

the root causes of over-reliance through a 

qualitative lens and Root Cause Analysis (RCA) 

provides actionable insights for designing 

informed interventions, promoting responsible AI 

use, and fostering critical engagement in AI-

enhanced academic environments. By applying 

RCA to qualitative student narratives, the study 

moves beyond documenting LLM usage to 

theorizing the systemic conditions that produce AI 

dependency in higher education. 

In this study, “over-reliance” is operationally 

defined as the use of LLMs in ways that replace 

essential cognitive learning processes—such as 

critical thinking, synthesis, problem-solving, and 

reflective engagement—rather than supporting 

them. Productive LLM use is understood as 

complementary engagement, including clarificatio

n of concepts, brainstorming, or feedback that 

enhances independent reasoning. Over-reliance, 

by contrast, occurs when students depend on AI-

generated outputs as primary learning agents, 

leading to cognitive offloading and surface-level 

engagement (20). 

The integration of Large Language Models (LLMs) 

such as ChatGPT in higher education has 

introduced transformative possibilities alongside 

complex challenges. These AI tools are increasingly 

used by students and educators to support a range 

of academic tasks, including writing assistance, 

coding, assessment, and even behavioral 

simulation. In writing, LLMs help generate content, 

summarize sources, and structure arguments, 

enhancing students’ writing quality (21, 22). In 

computer science, they facilitate code generation 

and debugging, translating natural language 

instructions into programming solutions (23). 

They also assist in assessment by automating 

grading and providing real-time feedback, 

improving instructional efficiency (24), while in 

psychology, LLMs simulate human behavior to aid 

understanding of cognitive processes (22). These 

applications contribute to personalized learning 

experiences and allow educators to focus on more 

interactive teaching methods (24). Additionally, 

LLMs may foster critical thinking by exposing 

students to multiple perspectives and problem-

solving approaches (25). However, growing 

concerns about academic integrity, such as 

plagiarism and task outsourcing, suggest that 

students may rely on LLMs in ways that hinder 

genuine skill development (21). Ethical issues 

related to transparency, data privacy, and 

responsible AI use further complicate their 

integration in education (26). Moreover, 

overdependence on these tools may impede the 

cultivation of core academic competencies. To 

address these concerns, scholars emphasize the 

need for faculty-led training and clear institutional 

guidelines that ensure AI tools are used in ways 

that align with educational objectives (21, 26). 

Future research must also explore the long-term 

effects of LLMs on teaching and learning, balancing 

innovation with ethical oversight and inclusive 

pedagogy (25). 

The integration of artificial intelligence (AI) in 

educational contexts has prompted a growing 

discourse on its impact on students’ critical 

thinking skills. While AI tools such as ChatGPT 

offer unprecedented access to information and 

personalized learning, their influence on cognitive 

engagement remains a significant concern. One 

key issue is the dependency on AI tools, where 

students increasingly rely on AI-generated 

responses without applying independent 

judgment, potentially stifling reasoning and 

creativity (27). This phenomenon, often described 

as cognitive offloading, reduces students’ capacity 

to process and evaluate content critically (28). 

Additionally, the superficial engagement fostered 

by many AI platforms, which often provide quick 

answers devoid of conceptual depth, leads to 

shallow learning and the imitation of AI reasoning 

patterns rather than the development of personal 

analytical frameworks (27). Compounding the 

issue is the lack of pedagogical adaptation; 

traditional instructional models such as Bloom’s 



Pachava et al.,                                                                                                                                                     Vol 7 ǀ Issue 2 

 216 

Taxonomy fall short in addressing the nuanced 

demands of AI-assisted learning, calling for revised 

frameworks that integrate competencies like 

ethical scrutiny and reflective questioning (29). 

Ethical and cognitive dimensions also emerge, as 

students must learn to interrogate the accuracy 

and bias of AI outputs—skills crucial for navigating 

misinformation and fostering digital discernment 

(30). To mitigate these challenges, scholars 

advocate for educational strategies and 

interventions that promote active, inquiry-based 

learning. Field visits, seminars, and workshops 

have been shown to enhance critical thinking by 

encouraging students to reflect, justify their 

viewpoints, and interact meaningfully with real-

world issues (31). Ultimately, the literature 

underscores the need for pedagogical models that 

integrate AI tools without compromising students’ 

intellectual independence, ensuring that AI 

becomes a catalyst—not a constraint—for deeper 

cognitive engagement and critical thought (31, 32). 

Peer norms and social behavior play a pivotal role 

in shaping educational outcomes by influencing 

students’ attitudes, actions, and interpersonal 

dynamics within academic environments. As 

shared expectations guiding behavior within peer 

groups, peer norms significantly affect both 

prosocial and antisocial behaviors, thereby 

shaping the social and academic climate of 

educational institutions. Studies show that positive 

peer norms enhance cooperation, empathy, and 

inclusivity, while negative norms may reinforce 

aggression and exclusion. For instance, supportive 

peer environments have been associated with 

increased prosocial behaviors and reduced 

antisocial tendencies through improved 

intergroup contact (33). In specialized classroom 

contexts, such as those for students with emotional 

and behavioral disorders, classroom norms have 

been found to predict individual behaviors, 

underscoring their influence on behavioral 

outcomes (34). Moreover, peer norms are also 

linked to risk-taking, with evidence suggesting that 

exposure to norms discouraging risky behavior 

can foster safer decision-making among students 

(35). The broader social context, including 

classroom dynamics and school climate, further 

shapes how peer norms function. Likewise, shifts 

in aggressive and prosocial peer norms have been 

shown to directly predict corresponding changes 

in adolescents’ behavior over time, underscoring 

how classroom norm climates actively shape 

students’ social conduct (36). While a positive 

school climate was associated with improved 

intergroup behavior and reduced ethnic conflict 

(37). Peer norms also vary in development and 

stability, with descriptive norms (group averages) 

showing more stability, while status norms (linked 

to popularity or leadership) are more fluid and 

context-dependent (38). In South Korea, students’ 

behaviors were shaped by status norms associated 

with admired or popular peers (39). Also, 

adolescents often conformed to majority or high-

status peer expectations in forming personal 

normative evaluations (40). These findings have 

significant educational implications, suggesting 

that interventions leveraging peer norms can 

promote positive behavior, enhance classroom 

relationships, and reduce conflict. Strategies such 

as group contingencies and targeted support 

programs have shown promise in improving social 

functioning, particularly among students facing 

behavioral challenges (34). Furthermore, school-

based peer network interventions have proven 

effective in promoting prosocial behavior across 

divided or multicultural settings (33). 
 

Methodology 
This study adopted a qualitative research design 

grounded in interpretivism and informed by 

constructivist learning theory to explore how 

professional students perceive, experience, and 

negotiate the integration of Large Language 

Models (LLMs) within their academic and 

professional learning. The interpretivist paradigm 

was selected to enable deep exploration of the 

subjective meanings, contextual nuances, and 

domain-specific practices through which students 

appropriate LLM technologies (41, 42). Constructi

vist learning perspectives further informed the 

study design, recognizing students as active agents 

who shape and co-construct their learning 

experiences with AI tools, rather than passive 

recipients of technological affordances (43). 

While qualitative approaches such as 

phenomenology focus on lived experience and 

grounded theory emphasizes emergent theoretical 

development, RCA was chosen because the study’s 

primary objective was to identify the systemic 

conditions that produce student over-reliance on 

LLMs (44). RCA facilitates movement from 

descriptive accounts to causal explanation by 
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mapping relationships among individual 

behaviors, peer norms, curriculum design, and 

institutional practices. This makes it especially 

appropriate for examining AI dependency as a 

socio-technical issue rather than an isolated 

student behavior. 

Participant Selection 
Purposive sampling was employed to recruit 

information-rich participants who could provide 

detailed insights based on substantial experience 

with LLM use for academic purposes. Eligibility 

criteria required that participants be senior 

undergraduate or postgraduate students who had 

used LLMs (e.g., Chat GPT, Gemini, Copilot, Claude) 

at least five times in their academic work. To 

ensure a diverse sample and capture variations 

across disciplinary cultures, maximum variation 

sampling was used with attention to gender and 

domain of study. 

The final sample comprised 19 students (12 

female, 7 male) drawn from four metropolitan 

universities in India. This multi-institutional 

sampling enabled comparison of peer norms and 

academic pressures across professional domains 

and institutional environments. Participants 

represented four professional domains: 

Engineering, Pharmacy, Management, and Law 

fields in which discipline-specific dynamics around 

LLM adoption are increasingly salient (45-48). 

Participant Demographics 
Table 1 presents an overview of the 19 

participants, including respondent code, academic 

domain, and gender. This diversity enabled rich 

exploration of both shared and discipline-specific 

experiences. 
 

Table 1: Participant Demographics 

Respondent Code Domain Gender 

R1 Engineering Male 
R2 Engineering Female 
R3 Engineering Male 
R4 Engineering Male 
R5 Pharmacy Female 
R6 Pharmacy Male 
R7 Pharmacy Female 
R8 Pharmacy Female 
R9 Pharmacy Female 

R10 Pharmacy Male 
R11 Management Male 
R12 Management Male 
R13 Management Female 
R14 Management Female 
R15 Law Female 
R16 Law Female 
R17 Law Female 
R18 Law Male 
R19 Law Male 

 

Data Collection 
Semi-structured interviews were conducted 

between November and December 2024. 

Interviews were conducted in-person (n = 12) or 

via secure video conferencing (n = 7), according to 

participant preference. Each interview lasted 

approximately 45–60 minutes, was conducted in 

English, audio-recorded with informed consent, 

and transcribed verbatim. 

The interview guide was developed through a 

synthesis of insights from recent literature on AI in 

education (26, 41, 42). It was designed to elicit rich, 

open-ended accounts of students’ evolving 

relationships with Large Language Models (LLMs). 

It focused on six core areas: patterns of LLM use in 

academic and professional preparation tasks; 

motivations behind over-reliance on LLMs for 

learning; perceived root causes for substituting 

critical thinking with AI-generated content; the 

influence of social norms and peer behavior on 

students’ attitudes toward LLM use; and students’ 

perceptions of the support and guidance provided 

by faculty and institutions in promoting 

responsible use of LLMs. Consistent with the 

constructivist orientation of the study, questions 

were open-ended and exploratory, allowing 

participants to foreground issues and perspectives 

salient to their own experiences. 

Ethical Considerations and Researcher 

Reflexivity 
Verbal ethical approval for the study was obtained 

from the host institution. Participation was 

voluntary, and informed consent was secured 
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prior to interviews. Participants were assured that 

their responses would remain confidential and 

would have no bearing on academic evaluation. To 

minimize power asymmetries, interviews were 

conducted by researchers who were not involved 

in participants’ teaching or assessment. All data 

were anonymized using coded identifiers.  

Recognizing the potential influence of researcher 

positionality, the research team engaged in 

reflexive practices throughout data collection and 

analysis. As scholars working in higher education, 

we acknowledge that our perspectives on AI 

integration may shape interpretation. To mitigate 

this, reflexive memoing, team-based coding, and 

iterative discussion were employed to challenge 

assumptions and enhance analytic rigor. 

Data Analysis  
Data were analyzed using thematic analysis, 

following six-phase framework: familiarization 

with the data (49); generation of initial codes; 

searching for themes; reviewing themes; defining 

and naming themes; and producing the final 

report. Thematic analysis was selected for its 

flexibility and transparency in enabling rich, 

inductive interpretation of complex qualitative 

data (50). Two members of the research team 

independently conducted initial coding using 

ProVise qualitative analysis software to facilitate 

systematic data management and interrogation. 

An inter-coder agreement of 87% was reached 

after iterative discussion and reconciliation of 

coding differences. 
Thematic analysis was first employed to identify 

recurring patterns in student narratives (51). RCA 

was then applied as a second analytic layer using 

Fishbone Diagram logic and the 5 Whys technique 

to trace these themes to their underlying cognitive, 

pedagogical, social, and institutional drivers. This 

sequential approach enabled the study to move 

beyond thematic description toward identifying 

systemic leverage points for educational 

intervention. 
Over-reliance was identified analytically through 

recurring behavioral indicators in participant 

narratives, including substitution of independent 

thinking with AI outputs, passive acceptance of 

generated content, assignment outsourcing, and 

reduced engagement with course materials. These 

criteria guided thematic coding and informed the 

Root Cause Analysis. 

Claims related to cognitive offloading were 

grounded in recurring behavioral indicators across 

interviews, including students’ descriptions of 

replacing independent reasoning with AI-

generated outputs, passive acceptance of 

responses without verification, assignment 

outsourcing, and reduced engagement with 

primary learning materials. These indicators were 

triangulated with Root Cause Analysis outputs to 

connect individual behaviors with broader 

curricular, institutional, and peer influences. 
A hybrid coding approach was employed. 

Deductive codes were drawn from the study’s 

conceptual framing (e.g., ethical concerns, 

discipline-based practices, professional identity), 

while inductive coding foregrounded emergent 

insights from participants’ narratives. Codes were 

refined through iterative comparison, memoing, 

and clustering, resulting in a final thematic 

structure that captured both cross-cutting 

patterns and domain-specific dynamics in 

students’ experiences of LLM integration. 
Following the thematic analysis, a Root Cause 

Analysis (RCA) was conducted to further 

investigate the systemic drivers behind the five 

emergent themes. The RCA incorporated both the 

Fishbone Diagram logic and the 5 Whys technique 

to trace how cognitive, institutional, social, and 

pedagogical factors contributed to students’ over-

reliance on LLMs. To support visual clarity and 

analytical depth, the Matplotlib Python ChatGPT 

plugin was used to generate color-coded Fishbone 

diagrams. These visualizations served as both 

analytic tools and illustrative figures, offering a 

concise representation of the root causes and 

interconnections embedded in the data. 
 

Results 
This study analyzed qualitative interview 

responses from five university students across 

disciplines to explore how and why students rely 

on Large Language Models (LLMs) for academic 

work. Using thematic analysis and Root Cause 

Analysis (Fishbone and 5 Whys), five core themes 

emerged: (a) LLMs as Learning Substitutes, (b) 

Time Pressure and Efficiency Seeking, (c) 

Normalization and Peer Influence, (d) Ethical 

Ambiguity and Misuse and (e) Lack of Institutional 

Support and Guidance. These themes correspond 

to the five research questions addressing student 
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behavior, motivations, social norms, ethical 

awareness, and institutional practices. 

a) LLMs as Learning Substitutes 

Consistent with the study’s operational definition 

of over-reliance, students frequently described 

using LLMs to explain difficult academic content, 

generate summaries, and complete assignments. 

For some, LLMs acted as an extension of class 

learning; for others, they replaced core tasks like 

outlining, synthesizing, or even thinking through a 

problem. One participant shared, “I just paste the 

prompt, get a response, and tweak it. It saves me 

from thinking too much.” Several participants 

explicitly described disengaging from independent 

thinking.  One student noted, “I don’t really analyze 

anymore—I just take what ChatGPT gives and 

adjust it.” Another shared, “Earlier I used to 

struggle and learn, now I just copy the idea and 

move on.” 

b) Time Pressure and Efficiency Seeking  

Students emphasized that the appeal of LLMs lies 

in their speed and ability to simplify workloads. 

Several noted using LLMs to meet deadlines or 

reduce the need for extensive reading. As one 

student said, “I don’t have time to read all the 

materials. ChatGPT helps me write faster.” 

c) Normalization and Peer Influence  

LLM usage appears normalized in student 

communities, with participants describing it as 

“what everyone is doing.” Social influence shaped 

not only students’ adoption of the tool but also the 

perception that non-use may result in academic 

disadvantage. “If you don’t use it, you fall behind,” 

one student noted. 

d) Ethical Ambiguity and Misuse  

Students expressed uncertainty about where the 

line lies between acceptable and unethical use. 

Some felt uneasy about copying from LLMs but did 

so anyway. Others believed minor editing made the 

content "original enough." 

e) Lack of Institutional Support and Guidance  

Students reported a lack of faculty guidance on 

how to use LLMs responsibly. None recalled any 

formal training or university policies on AI use. 

“Teachers don’t even mention it,” one student said. 

 

 
Figure 1: Root Causes of Over-Reliance on Large Language Models (LLMs) in Higher Education 

 

As shown in Figure 1, The interconnectedness and 

cyclic reinforcement of the above themes and their 

root causes are visually represented in the Cyclical 

Fishbone Diagram. This diagram captures the 

systemic drivers behind students’ over-reliance on 

Large Language Models (LLMs) such as ChatGPT, a 

Root Cause Analysis (RCA) was conducted and 

visually represented using a customized Fishbone 

Diagram. The RCA revealed five major thematic 

categories, each comprising interrelated factors 

across six domains commonly associated with 

educational systems: student factors, 

institutional/faculty practices, technological 

access and design, peer/social influence, 

curriculum and assessment design, and 

time/workload pressure. 
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Theme 1: LLMs as Learning Substitutes 
A recurring pattern in the interviews was the use 

of LLMs as substitutes for deep learning. Many 

students described relying on LLMs for quick 

explanations, definitions, and task completions. 

The RCA revealed that this behavior stems from 

low confidence in self-learning, often reinforced by 

a lack of personalized support from faculty. 

Students cited challenges in understanding 

complex topics, which they felt were not 

adequately addressed in lectures. LLMs’ design—

providing simplified, instant responses—further 

reinforces this dependency. Furthermore, a 

curriculum that favors rote learning over critical 

engagement leaves little room for developing 

independent thinking, thus promoting the 

replacement of original cognitive effort with AI-

generated output. 

Theme 2: Time Pressure and Efficiency 

Seeking 

Students frequently expressed that their academic 

workload and looming deadlines pushed them to 

use LLMs as time-saving tools. RCA revealed that 

overloaded schedules, tight academic calendars, 

and limited support for time management skills 

contributed to this reliance. LLMs, which offer 

immediate outputs and summaries, became 

essential to meeting multiple concurrent demands. 

However, this pattern reflects a structural 

imbalance in curriculum design that prioritizes 

content coverage over sustainable learning 

practices. The lack of time management training 

within courses was identified as a systemic gap 

that exacerbates students’ inclination toward 

efficiency over reflection. 

Theme 3: Normalization and Peer 

Influence 
Social norms and peer behavior emerged as 

significant drivers of LLM use. Students often 

described LLM use as a normalized behavior—

"everyone uses it"—pointing to a culture of 

implicit acceptance. RCA linked this normalization 

to peer pressure, fear of being left behind, and the 

absence of faculty intervention. Teachers often did 

not address LLM usage, either due to uncertainty 

about policies or passive attitudes. Institutional 

adaptation to LLMs has lagged, with most courses 

lacking explicit norms or guidelines around their 

acceptable use. Consequently, a silent consensus 

forms among students that using LLMs extensively 

is not only common but necessary to keep up 

academically. Notably, expressions of peer 

pressure and competition varied across 

disciplines. Engineering and Management students 

more frequently described performance-driven 

LLM use linked to grades and placement 

expectations, whereas Pharmacy and Law students 

emphasized conformity to peer practices and fear 

of academic disadvantage. Despite these 

variations, a shared perception emerged across 

institutions that LLM use was increasingly 

normalized and implicitly necessary for academic 

survival. 

Theme 4: Ethical Ambiguity and 

Misuse 
The ethical dimensions of LLM use were 

particularly ambiguous for many students. Several 

were unsure whether their use of ChatGPT 

constituted academic misconduct. RCA identified a 

lack of ethics training on AI tools as a core issue. 

Students noted that academic integrity policies 

had not evolved to reflect the realities of AI-

assisted work. The design of LLMs—particularly 

their ease of copy-paste functionality—also 

contributes to behaviors that may blur the lines 

between assistance and plagiarism. The absence of 

digital literacy education and clearly defined 

expectations further fuels misuse, creating a zone 

of ethical ambiguity that many students struggle to 

navigate. 

Theme 5: Lack of Institutional Support 

and Guidance 
Across the board, students reported feeling 

unsupported in understanding how to use LLMs 

responsibly. RCA uncovered gaps in faculty 

knowledge and preparedness, with many 

educators admitting that they had received no 

formal training on the use or implications of 

generative AI. Institutions, likewise, had not fully 

integrated AI tools into teaching strategies or 

curricula. Without AI literacy components in 

course design or clear institutional frameworks, 

students are left to experiment with LLMs 

independently, often adopting habits that favor 

convenience over comprehension. This perceived 

lack of guidance creates a vacuum in which misuse, 

over-reliance, and confusion flourish. 

Together, these five themes demonstrate that 

students’ over-reliance on LLMs is not merely an 

issue of individual behavior but the result of a 

broader, cyclical system of pressures, gaps, and 
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enablers. The Fishbone Diagram accompanying 

this analysis captures the complex interplay of 

student, technological, pedagogical, and 

institutional causes, highlighting the urgent need 

for coordinated interventions at multiple levels of 

the educational ecosystem. 
 

Discussion 
This discussion interprets the findings on students' 

over-reliance on Large Language Models (LLMs) in 

higher education, situating them within broader 

ethical, pedagogical, and institutional contexts. 

Drawing on the Root Cause Analysis (RCA) and 

literature, the analysis highlights how motivations 

such as time pressure, normalization through peer 

influence, and lack of institutional guidance 

converge to shape unsustainable learning 

behaviors. The implications are examined through 

the lens of inclusive and responsible AI integration. 

The integration of Large Language Models (LLMs) 

into academic settings, while offering efficiency 

and personalized support, raises serious concerns 

regarding cognitive offloading and the erosion of 

critical thinking skills. As revealed in the Root 

Cause Analysis (RCA), many students substitute 

deep engagement with AI-generated content due 

to low self-confidence and an educational 

environment that prioritizes coverage over 

conceptual depth. This substitution process is 

driven by a desire for quick answers and is 

compounded by a lack of personalized academic 

support, ultimately leading students to adopt 

passive learning behaviors. Literature 

corroborates these findings, highlighting how 

overconfidence (52). The imitation of AI reasoning 

patterns diminishes students’ capacity for 

independent analysis and problem-solving (27). 

Moreover, reliance on LLMs undermines critical 

engagement by encouraging students to accept 

content at face value without interrogation, thus 

impeding the development of analytical 

frameworks necessary for effective learning. These 

patterns pose a direct threat to responsible 

innovation in learning environments. Therefore, 

educational institutions must critically assess how 

LLMs are integrated and develop pedagogical 

strategies that foster reflective thinking, 

questioning, and intellectual autonomy to 

safeguard the future of transformative education. 

These patterns are grounded in students’ self-

reported behaviors and are further corroborated 

by RCA findings, which reveal how institutional 

workload pressures and limited pedagogical 

guidance reinforce surface-level engagement. 

The findings reveal that institutional pressures, 

including overloaded academic schedules, dense 

curricula, and frequent deadlines, compel students 

to prioritize efficiency and task completion over 

deep, meaningful learning. As illustrated in the 

Root Cause Analysis (RCA), these structural 

constraints—coupled with limited institutional 

support for time management—drive students 

toward LLMs as a convenient means of producing 

academic outputs quickly. The absence of explicit 

time management training within curricula further 

exacerbates this dependency, reinforcing surface-

level engagement with academic content. 

Literature confirms that such systemic 

inefficiencies lead to shallow learning habits and 

undermine students’ capacity to develop 

autonomy and critical self-regulation (21, 53). 

These patterns not only reflect broader curricular 

challenges but also point to the need for 

institutional reforms that prioritize skill 

development alongside content mastery. 

Therefore, fostering effective educational practices 

demands integrative solutions—such as 

embedding time management, metacognitive 

training, and AI literacy into academic programs—

to ensure that students are empowered to navigate 

academic demands without compromising the 

integrity of their learning. 

The normalization of LLM use within academic 

environments is significantly shaped by peer 

influence and prevailing cultural norms, which 

collectively guide student behavior in subtle yet 

powerful ways. As highlighted in the Root Cause 

Analysis (RCA), students often perceive 

widespread LLM use as a peer-endorsed norm, 

fostering a culture where reliance on AI tools 

becomes silently accepted—if not expected. The 

absence of clear institutional guidelines and the 

lack of proactive faculty discourse further 

reinforce this normalization, leaving students to 

navigate ethical boundaries independently. 

Research on peer norms underscores how social 

dynamics in classrooms can both enable and 

constrain behavior, particularly when students 

conform to dominant practices for fear of exclusion 

or falling behind (33, 36). Moreover, classroom 

and institutional cultures that do not explicitly 

address responsible AI use inadvertently promote 
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uncritical adoption. These insights reveal a critical 

need to recalibrate educational environments by 

fostering transparent discussions, modeling 

ethical AI use, and embedding peer-led digital 

literacy initiatives. By addressing the social 

dimensions of LLM usage, institutions can cultivate 

responsible innovation and peer cultures that 

support ethical engagement with emerging 

technologies. These findings suggest that peer 

pressure operates differently across institutional 

and disciplinary contexts but is consistently 

reinforced by competitive assessment structures 

and the absence of explicit institutional guidance 

on LLM use. 

Students’ confusion over the ethical boundaries of 

LLM use reflects a broader institutional failure to 

provide adequate ethics training and digital 

literacy, as underscored in the Root Cause Analysis 

(RCA). Participants in the study expressed 

uncertainty about what constitutes acceptable use 

of AI, particularly in academic writing and 

problem-solving tasks, revealing gaps in their 

understanding of academic integrity in the digital 

era. This ethical ambiguity is exacerbated by the 

absence of institutional frameworks that clarify 

responsible use, with many universities yet to 

implement standardized policies or integrate AI 

ethics into their curricula (26, 54). Without 

foundational training, students are left to make 

subjective decisions about LLM use, often 

resorting to practices that compromise their 

learning and academic honesty. The literature 

further emphasizes the need for theoretical 

grounding in Utilitarianism, Deontology, and 

Virtue Ethics to support critical discernment in AI-

assisted learning (55). Moreover, the lack of 

institutional AI literacy programs and faculty 

guidance prevents students from developing the 

skills needed to interrogate bias, ensure 

transparency, and uphold digital responsibility. 

Clear institutional policies, ethics-infused 

pedagogy, and comprehensive AI literacy 

initiatives are essential to cultivating a culture of 

digital integrity and responsible innovation in 

education. 

This study contributes to the educational 

technology literature by reframing student 

engagement with Large Language Models (LLMs) 

through a systemic rather than individualistic lens. 

Theoretically, it advances existing scholarship by 

introducing Root Cause Analysis (RCA) as both a 

conceptual and methodological framework for 

examining AI-related learning behaviors. Whereas 

much of the current literature emphasizes 

technology adoption, perceived usefulness, or 

learning outcomes, this study employs RCA to 

uncover the deeper cognitive, social, pedagogical, 

and institutional conditions that collectively shape 

student over-reliance on LLMs. In doing so, it 

moves beyond surface-level usage patterns to 

provide a multi-level explanation of AI dependency 

that situates individual motivations—such as 

efficiency seeking and academic pressure—within 

broader peer norms, curriculum structures, and 

institutional gaps in guidance. Empirically, the 

study offers original qualitative insights from 

professional undergraduate students across 

Engineering, Pharmacy, Management, and Law in 

the Indian higher education context, an 

underrepresented setting in current LLM research. 

By capturing cross-disciplinary narratives, the 

findings demonstrate how over-reliance emerges 

not merely from student choice but from 

interconnected academic systems that normalize 

cognitive offloading. Importantly, this research 

shifts the prevailing discourse from examining the 

isolated “impact” of AI tools toward 

conceptualizing AI dependency systems, thereby 

foregrounding institutional accountability, 

pedagogical design, and ethical literacy as central 

to responsible AI integration in higher education. 

Despite the growing integration of AI tools like 

LLMs in higher education, findings from the study 

and Root Cause Analysis (RCA) reveal a significant 

gap in institutional and pedagogical readiness to 

guide their responsible use. Students frequently 

reported feeling unsupported, attributing their 

over-reliance on AI to a lack of faculty guidance, 

unclear academic policies, and limited exposure to 

ethical AI use frameworks. This vacuum of 

institutional clarity creates an environment where 

misuse flourishes and students navigate AI 

integration in isolation, often without the critical 

literacy required to evaluate outputs responsibly. 

As highlighted in the literature (54, 56, 57). Also 

the institutional policies remain uneven, and 

faculty often lack adequate training to embed AI 

tools meaningfully into pedagogy. The absence of 

AI literacy components within curricula, coupled 

with educators’ limited understanding of LLM 

capabilities, undermines efforts to promote ethical 

and effective AI integration. Without proactive and 
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inclusive institutional responses, the educational 

promise of AI risks reinforcing existing inequities 

and undermining the transformative potential of 

higher education. Therefore, preparing 

institutions and faculty through structured 

policies, ongoing training, and curriculum reform 

is essential to harness AI’s potential responsibly 

and equitably. 

To translate these findings into practice, this study 

proposes a phased implementation framework for 

responsible LLM integration. In the short term, 

institutions can adopt low-cost, high-feasibility 

measures such as faculty workshops on ethical AI 

use, incorporation of brief AI literacy modules 

within existing courses, and dissemination of 

interim guidelines clarifying acceptable LLM 

practices. Medium-term strategies include 

curriculum redesign to embed critical thinking and 

AI evaluation skills, development of assessment 

models that discourage AI substitution, and 

creation of faculty learning communities to 

support pedagogical adaptation. Long-term 

reforms require structural alignment at 

institutional and policy levels, including 

accreditation standards for AI ethics education, 

sustained professional development programs, 

and national frameworks guiding generative AI in 

higher education. 

Feasibility is enhanced by leveraging existing 

institutional mechanisms such as teaching–

learning centers, curriculum committees, and 

student support services, enabling incremental 

adoption without extensive new infrastructure. 

Prioritization should begin with pedagogical 

capacity-building and ethical literacy, as these 

interventions offer immediate impact while laying 

the foundation for broader structural change. 
 

Conclusion 
This study explored student over-reliance on Large 

Language Models (LLMs) in higher education, 

identifying five interrelated themes: learning 

substitution, time pressure and efficiency seeking, 

peer normalization, ethical ambiguity, and 

institutional gaps in guidance. Findings indicate 

that LLM engagement is not merely a technological 

trend but reflects deeper pedagogical, social, and 

structural dynamics shaped by academic pressure, 

limited AI literacy, and reduced critical reflection. 

In the absence of ethical scaffolding and 

instructional support, excessive reliance risks 

undermining educational quality and critical 

thinking. Addressing these challenges requires 

integrated institutional policies that promote 

responsible AI use, ethical literacy, and reflective 

learning practices, supported through curriculum 

integration, faculty development, and peer-

informed norms. 

The study contributes theoretically by reframing 

LLM over-reliance as a systemic phenomenon 

rather than an individual deficit, empirically by 

providing qualitative evidence from an 

underexplored professional education context, 

and practically by proposing a framework for 

responsible AI integration grounded in 

institutional accountability and pedagogical 

readiness. Effective responses require 

coordinated, staged interventions, beginning with 

AI literacy and faculty capacity-building, followed 

by assessment redesign and curriculum alignment, 

and ultimately reinforced through institutional 

and legislative frameworks. Such a phased 

approach enhances feasibility and sustainability 

while enabling higher education systems to 

harness LLM benefits without compromising 

critical thinking, equity, or academic integrity. 

This study is limited by its qualitative design and 

sample size, which restrict broader institutional 

generalization, as well as by the rapidly evolving 

nature of AI technologies. Disciplinary variations 

and direct measures of critical thinking outcomes 

were beyond the scope of this research. Future 

studies should adopt longitudinal, mixed-method, 

and cross-institutional approaches to examine 

how LLM use evolves over time and influences 

cognitive development. Comparative and 

experimental designs would further clarify how 

institutional policies, peer norms, and 

instructional strategies shape ethical engagement 

with AI, supporting evidence-based models that 

foster critical learning while mitigating 

overdependence. 
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