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Abstract

This study explores how college students interact with gener-
ative AI (ChatGPT-4) during educational quizzes, focusing
on reliance and predictors of AI adoption. Conducted at the
early stages of ChatGPT implementation, when students had
limited familiarity with the tool, this field study analyzed 315
student-AI conversations during a brief, quiz-based scenario
across various STEM courses. A novel four-stage reliance
taxonomy was introduced to capture students’ reliance pat-
terns, distinguishing AI competence, relevance, adoption, and
students’ final answer correctness. Three findings emerged.
First, students exhibited overall low reliance on AI and many
of them could not effectively use AI for learning. Second,
negative reliance patterns often persisted across interactions,
highlighting students’ difficulty in effectively shifting strate-
gies after unsuccessful initial experiences. Third, certain be-
havioral metrics strongly predicted AI reliance, highlighting
potential behavioral mechanisms to explain AI adoption. The
study’s findings underline critical implications for ethical AI
integration in education and the broader field. It emphasizes
the need for enhanced onboarding processes to improve stu-
dent’s familiarity and effective use of AI tools. Furthermore,
AI interfaces should be designed with reliance-calibration
mechanisms to enhance appropriate reliance. Ultimately, this
research advances understanding of AI reliance dynamics,
providing foundational insights for ethically sound and cog-
nitively enriching AI practices.

Introduction
The rapid advancement and pervasive integration of artifi-
cial intelligence (AI) systems are profoundly reshaping di-
verse domains, with education emerging as a significant
frontier (Costa et al. 2024; Wu, Dang, and Li 2025; Hasanein
and Sobaih 2023; Fırat 2025). AI holds immense potential
to revolutionize educational practices by offering tailored
guidance, feedback, and support through personalized learn-
ing platforms and intelligent tutoring systems (Wang et al.
2024; Paladines and Ramirez 2020; Galdames 2024). These
technologies promise to enhance student engagement, im-
prove academic outcomes, and adapt instruction to individ-
ual learning patterns (Wang et al. 2024). However, the in-
creasing integration of AI also necessitates a critical exam-
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ination of how humans interact with and rely on these sys-
tems, which will inform ethical deployment of AI in educa-
tion applications.

One critical concern is that students might over-rely on
AI, which influences critical thinking (Gerlich 2025; Zhai,
Wibowo, and Li 2024), human decision-making, analytical
thinking (Grassini 2023) and increases human laziness (Ah-
mad et al. 2023). Previous studies have extensively explored
specific aspects of AI reliance, typically within lab settings
or field experiments (Dai et al. 2025). However, some areas
of AI reliance are underexplored. First, the understanding
of spontaneous human-AI interactions, how students natu-
rally utilize AI tools in authentic academic contexts (Eck-
hardt et al. 2024) and the verification of real-world data,
particularly concerning the underlying behavioral mecha-
nisms that explain different reliance scenarios remains lim-
ited (Dai et al. 2025). Furthermore, existing research pre-
dominantly takes a static view to lable messages or conver-
sations without capturing the evolving nature of the student-
AI conversation dynamically (Solomon et al. 2022). Lastly,
most reliance definitions in the human–AI interaction and
AI-assisted decision-making literature rely on initial human
judgments and assume that they can be labeled simply as
correct or incorrect. This binary framing does not translate
well to educational settings, where it is hard to evaluate stu-
dents’ initial status and students are actively acquiring new
knowledge with AI assistance.

This study addresses these gaps by conducting an ex-
amination of students’ reliance on AI within an authen-
tic university-level STEM quiz environment using a novel
four-stage reliance taxonomy in 315 conversations. Through
comprehensive behavioral and text analyses, we identify
patterns of student reliance and elucidate underlying fac-
tors influencing reliance behaviors. In a college peer-led-
team-learning (PLTL) program (Bauer et al. 2025), students
place greater trust in the instructors, teaching assistants, and
knowledgeable peers than in GenAI given the inherent prop-
erty of uncertainty in AI responses and the unfamiliarity of
college students with ChatGPT when it was first released.
Our field study took advantage of this real-world setting
by deploying an interface with ChatGPT-4 and a course-
specific quiz application for 30 minutes during a PLTL ses-
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sion of STEM gateway courses1. Of the consented students,
182 students decided to use the interface for solving at least
one quiz problem. The study was approved by the university
IRB. The results will shed light on an understanding of the
trust in ChatGPT when PLTL program is available. In such
a context, we believe that the degree to which students’ en-
gagement with ChatGPT and the ways by which students
become critically reliant on ChatGPT will reveal contribut-
ing factors of reliance and the underlying ethical issues.

Our study makes several detailed contributions. Firstly,
we develop a reliance taxonomy that extends beyond tra-
ditional reliance metrics by incorporating measures of AI
correctness, AI relevance, students’ adoption of AI ad-
vice and the correctness of final answer. Secondly, we pro-
vide both conversation-level and individual-level analyses,
thereby capturing reliance dynamics over time and high-
lighting distinct reliance trajectories that students exhibit
across multiple interactions. Finally, we utilize behavioral
and text features to identify predictors of different types
of AI adoption, uncovering crucial mechanisms that govern
students’ AI adoption patterns and offering insights for en-
hancing human-AI interaction design.

Related Work
Human-AI Interaction in Education
AI has been integrated into various areas of education, of-
fering diverse applications that influence students’ academic
development. These applications include intelligent tutor-
ing systems, educational robots, learning analytics dash-
boards, and adaptive learning platforms (Galdames 2024;
Wang et al. 2024). Generative AI (GenAI) tools, such as
ChatGPT, are increasingly utilized in higher education,
providing personalized learning and assessment opportuni-
ties (Wu, Dang, and Li 2025). They have the potential to
adapt instruction to different student types, offer feedback,
assist in course design, and support academic writing (San-
tos, Urgel, and Moreno 2024).

The influence of AI on students, however, presents incon-
sistent findings in the literature. Some studies highlight the
benefits, suggesting that AI can enhance learning outcomes,
improve knowledge accessibility, promote personalized sup-
port, and increase student motivation and engagement (Ding
et al. 2023; Ouyang and Jiao 2021; Singh, Tayarani-Najaran,
and Yaqoob 2023). For instance, AI-powered platforms have
been shown to enhance student engagement and perfor-
mance through real-time feedback and customized instruc-
tions (Hakiki et al. 2023). Conversely, other research points
to potential drawbacks. Concerns include the risk of over-
reliance on AI, which may hinder the development of criti-
cal thinking and independent problem-solving skills (Kosar
et al. 2024; Krupp et al. 2024). This often manifests by stu-
dents reducing their mental effort and relying on AI for
quick solutions, bypassing deeper cognitive processes es-
sential for learning (Fan et al. 2025). Ethical issues are
also prominent, particularly concerning academic dishon-
esty and the uncritical acceptance of AI-generated content

1More details about the PLTL program can be found at https:
//academicsupport.jhu.edu/pilot/.

(Acosta-Enriquez et al. 2024; Tan 2023). The quality of AI-
generated content can be inconsistent, inaccurate, or lack
depth, depending on user prompts, potentially leading to
misunderstandings or the absorption of misleading informa-
tion (Wang et al. 2023).

A significant gap in current research is that many stud-
ies employ experimental designs to investigate how specific
factors influence human-AI interaction in controlled educa-
tional settings (Dai et al. 2025). While valuable, this ap-
proach often fails to capture how humans use “natural AI in
the wild”—that is, how students spontaneously interact with
widely available AI tools like ChatGPT in their everyday
learning processes. Understanding these natural usage pat-
terns from the user’s perspective is crucial for inferring how
AI systems are truly adapted and integrated into learning be-
haviors, providing insights beyond what can be observed in
structured experiments.

Behavioral analysis of human-AI interaction in educa-
tion Understanding human-AI interactions necessitates a
granular analysis of user behavior while little attention has
been paid to this matter. In educational settings, behav-
ioral analysis provides a powerful lens for revealing pat-
terns and trends in learning behaviors, which can inform the
design and improvement of AI-supported educational plat-
forms (Dai et al. 2025).

Scholars have used several behavioral factors to under-
stand student-AI interactions. Interaction patterns and se-
quences are meticulously studied, revealing how students
engage with AI systems through specific behavioral flows,
and the routines of human behaviors (Sun, Zhao, and Chen
2024), such as querying background information, periods
of idle operation, reviewing project requirements, and in-
terpreting AI-generated content (Dai et al. 2025). A study
also categorizes students’ usage of AI by the combination of
“mode of interaction” and “desired outcome” as well as us-
ing Bloom’s Taxonomy to classify cognitive processes from
simpler to more complex (Handa et al. 2025) . As suggested
by their findings, students delegate higher-order cognitive
tasks to AI systems. How do we ensure students still have
the capabilities to discern the correctness of AI’s answers
and do not over-rely on AI?

Despite these advancements, a significant gap in behav-
ioral analysis of student-AI interaction lies in the focus on
message-level analysis rather than considering the conver-
sation as a whole unit. Many current research efforts tend
to analyze individual turns or isolated messages, potentially
overlooking the holistic, evolving nature of student-AI in-
teraction over a sustained period. Some research captures
behaviors and conversations in human-AI interaction (Mc-
Nichols and Lan 2025; Dai et al. 2025; Ammari et al. 2025).
However, capturing the full context and flow of a conversa-
tion, including how students iteratively refine their questions
or respond to prior AI turns, is crucial for a comprehensive
understanding of reliance dynamics. This necessitates ap-
proaches that can analyze the entire student-AI conversation
as a cohesive unit, rather than just discrete messages.
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Reliance Analysis in Human-AI Interaction
Reliance in the literature In the literature, reliance is de-
fined as the observable behavior of a user following or uti-
lizing AI advice (Eckhardt et al. 2024). However, relying on
AI’s wrong advice would lead to incorrect decisions. There-
fore, scholars also introduce “appropriateness” in reliance
analysis (Schemmer et al. 2023).

Various metrics have been employed to quantify AI re-
liance, often depending on the decision-making context. The
“agreement percentage” quantifies how often a user’s deci-
sion matches the AI’s advice. The “switch percentage” mea-
sures how often users change their initial decision to align
with AI advice, typically in a two-stage decision process
where an initial human decision is recorded before AI ad-
vice is presented. The “Weight of Advice (WOA)” quantifies
the impact of AI recommendations on a user’s final decision,
particularly in non-discrete scenarios (Eckhardt et al. 2024).
Appropriateness also measures the percentage in which the
decision-maker relies on correct AI advice and does not rely
on incorrect AI advice.

To further distinguish whether the reliance on correct AI
advice stems from a correct discrimination or simply an
overlap of the human and the AI’s decision, judge-advisor
system paradigm includes an initial human decision, correct-
ness of AI’s advice and whether human follow is adopted
(Schemmer et al. 2023; Eckhardt et al. 2024; Cao, Liu, and
Huang 2024). However, in the real-world educational sce-
narios, particularly when students are learning, they may not
have an initial decision or a pre-existing answer to a prob-
lem. Instead, they might consult AI as a primary source of
information or a tool for exploration, making the concept of
an “initial decision” irrelevant. This highlights the need for a
reliance framework that does not rely on unobservable initial
human decisions, allowing for a more accurate assessment
of reliance in dynamic learning contexts.

To achieve the potential of human-AI collaboration with
a better performance than either the human or the AI alone,
researchers advocate the need the human to exercise discre-
tion in following AI’s advice, i.e., appropriately relying on
the AI’s advice (Schemmer et al. 2023). Recognizing the
importance of building a mental model of the AI to assess
AI recommendations, i.e., humans having an accurate un-
derstanding of what the AI system can and cannot do, re-
searchers hypothesize and demonstrate that human learning
is a key mediator of appropriate reliance in an experiment
with 100 participants (Schemmer et al. 2023).

What factors influence reliance? Human’s reliance on
AI systems is a multifaceted phenomenon influenced by a
complex interplay of system-related, user-related, and task-
related factors (Eckhardt et al. 2024).

The intrinsic characteristics of the AI system itself are
paramount in shaping user reliance, such as AI’s accu-
racy (Lai and Tan 2019; Yin, Wortman Vaughan, and Wal-
lach 2019; Kahr et al. 2024), explainability (Bansal et al.
2021; Kahr et al. 2024), alignment with human’s values
(Narayanan et al. 2023), and reliability of AI (Zhai, Wibowo,
and Li 2024). Ethical issues of AI, including hallucination,
algorithmic bias, overconfidence, plagiarism, privacy con-

cerns and tranparency concerns influence people’s trust in
and adoption of AI. Besides intrinsic problems with the sys-
tem, how human interacts with AI also affects human-AI re-
liance. For example, “helpfulness” is an important aspect we
need to take into consideration in the reliance framework, as
AI might not understand users’ requests when users do not
provide accurate prompts to reflect their needs, which hin-
ders human from appropriately relying on AI.

Intrinsic individual user characteristics will influence re-
liance. A higher general inclination to trust technology can
lead to greater reliance on correct AI advice (Li, Lu, and Yin
2023; Kahr et al. 2024; Küper et al. 2025). Users with higher
domain expertise tend to exhibit higher openness to technol-
ogy yet lower levels of trust in and reliance on AI systems
(Küper et al. 2025). A user’s confidence in their initial de-
cision and prior experience can shape their susceptibility to
AI recommendations, with high confidence correlating with
greater self-reliance, particularly when the initial decision is
correct (Schemmer et al. 2023; Zhou et al. 2024; Cao, Liu,
and Huang 2024).

The nature of the task also influences reliance. User
reliance can vary based on the task type (e.g., objec-
tive vs. subjective) and its inherent complexity (Schaschek,
Spatscheck, and Winkelmann 2024).

Reliance in education applications Student’s reliance
on AI in education is a growing area of concern, with
mixed findings regarding its implications. Although utiliz-
ing ChatGPT has the advantage of increasing efficiency
by saving time and effort, users could get into the habit of
adopting the answers without rationalization or verification.
Over-reliance on GenAI also contributes to negative out-
comes such as influencing critical thinking (Gerlich 2025;
Zhai, Wibowo, and Li 2024), human decision-making, ana-
lytical thinking (Grassini 2023) and increasing human lazi-
ness (Ahmad et al. 2023). This evidence underscores the
complexity of integrating such powerful tools into learning
environments, especially when students may simply copy
and paste AI’s answers without critical evaluation, under-
mining academic integrity and hindering their own learning.

However, there is a notable lack of research specifically
on human’s reliance on AI in education with verification
of real-world data, particularly concerning the underlying
mechanisms that explain different reliance scenarios (Dai
et al. 2025). While some studies analyze reliance by exam-
ining how students use AI for specific tasks or how their per-
formance changes with AI assistance, there is a significant
gap in using behavioral analysis to explain why different
reliance scenarios occur. Existing research often describes
reliance outcomes but lacks a deeper investigation into the
interactive mechanisms and features that drive these behav-
iors. This absence of behavioral analysis limits our under-
standing of the complex interplay between student actions,
AI responses, and the resulting reliance patterns in educa-
tional settings.

This Study
The preceding review highlights several research gaps in
the understanding of human-AI reliance, particularly within
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educational contexts. First, there is a lack of research on
the user’s perspective of human-AI interaction when users
engage with “natural AI in the wild”, rather than in con-
trolled experimental settings (Eckhardt et al. 2024). This
limits our understanding of how students spontaneously in-
tegrate and adapt to AI tools in their authentic learning en-
vironments. Second, despite the growing sophistication of
behavioral analysis, there is a continuing need for an ap-
proach that can capture the dynamic patterns that predict
reliance, especially in complex, open-ended conversational
settings. Specifically, much of the current research focuses
on message-level analysis, rather than considering the con-
versation as a whole unit, which limits the ability to under-
stand the holistic, evolving nature of student-AI interaction
over time (Solomon et al. 2022). Third, there is a general
lack of research on human reliance on AI in education, es-
pecially concerning the underlying mechanisms that explain
different reliance scenarios. Current reliance frameworks of-
ten rely on the presence of an initial human decision, which
may not be applicable in learning contexts where students
are actively acquiring new knowledge with AI assistance.

Our paper attempts to fill this substantial gap using the
analysis of 315 factual student-AI conversations from a field
study. In this analysis of students’ dialogues with ChatGPT,
we address the ethical quandaries posed by GenAI within
an authentic higher education setting. Our paper attempts to
provide a nuanced understanding of how students are en-
gaged in exchanging with ChatGPT for the learning task
around a quiz problem. This design advances our under-
standing of whether and how ChatGPT influences students’
cognitive skills in solving problems through Our ultimate
goal is that the use of GenAI to assist college students’
learning is ethically sound and cognitively enriching. This
research seeks to answer the following questions.

1. How do students rely on AI when using AI for a quiz?

2. What factors are related to students’ adoption of AI’s ad-
vice?

Data
We conducted a field study within the PLTL program at a
university in weeks 9-11, Fall 2023. The study leveraged a
web-based quiz application that integrated ChatGPT-4 as
an AI learning peer. In the first eight weeks, students had
regular PLTL interactions with human learning peers. Dur-
ing the first 30 mininutes of the PLTL sessions in weeks
9-11, human learning peers were replaced with the AI
learning peer. Among the consented students, 216 students
were assigned to use AI but only 182 of them interacted
with ChatGPT-4 for at least one quiz problem. The time-
stampted data include quiz questions and students’ answers,
and logs of student–AI conversations. The unit of analy-
sis is the conversation, defined as the interaction between
a student and ChatGPT-4 for a quiz problem. Focusing
on five subject areas (mathematics, physics, chemistry, eco-
nomics, and public health), the analytic data comprises 315
student–AI conversations from 182 students with valid tex-
tual contents. The quiz answers were graded by the teaching

assistants according to the grading instructions provided by
the instructors.

Measurements
Reliance Taxonomy
We develop a four-stage reliance taxonomy to capture
students’ interaction with ChatGPT during quiz tasks.
The four stages are: (1) ChatGPT’s competence (fac-
tual correctness), (2) ChatGPT’s relevance (whether it ad-
dresses the student’s question), (3) student’s adoption of
ChatGPT’s advice, and (4) correctness of the student’s
final answer. First, we determine whether ChatGPT’s re-
sponse is factually correct. Next, we assess whether a correct
response actually addresses the student’s question (an incor-
rect response cannot be relevant by definition). Third, we
code whether the student follows ChatGPT’s suggested
solution path. Finally, we evaluate whether the student’s sub-
mitted answer is correct.

Concatenating these four binary labels produces a
four-digit reliance code (e.g. 1–1–1–1 indicates that
ChatGPT’s answer is correct (1), and relevant (1), the stu-
dent followed (1), and the final answer is correct (1); 0-
0-0-0 indicates that ChatGPT’s answer is incorrect (0),
and irrelevant (0), the student did not follow (0), and the
final answer is incorrect (0)), which we then map to one
of twelve reliance scenarios (e.g. “Appropriate reliance,”
“Failed application,” “Independent success,” “Inappropriate
self-reliance,” “Semi-dependent,” “Self-corrected success,”
“Unguided failure,” “Serendipitous success,” and “Total fail-
ure”). We define ”Appropriate reliance” as students leverag-
ing AI to obtain help that supports arriving at a correct an-
swer but not considering cheating i.e., copy and paste quiz
question text for quick answer. To verify this, we compute
similarity scores between each student’s prompt and the cor-
responding quiz question text. The observed average simi-
larity is low, suggesting that students typically paraphrased
the question or asked their own variants instead of submit-
ting the original text verbatim, which reduces concern about
simple shortcutting or cheating. Table 1 provides a full de-
scription of each category. We also visualize the taxonomy
for the classification in Figure 1.

Behavioral and Text Features Extraction
From the student-GPT conversations, we generated behav-
ioral features and text features.

Behavioral features describe how students interact with
the chatbot. Specifically, interaction time in seconds (mean:
180.26, standard deviation (SD): 278.55) captures the total
duration from the user’s initial prompt to the bot’s final re-
sponse, while answer time in seconds (mean: 122.55, SD:
274.67) measures the interval from the bot’s last message to
the submission of an answer. Generally, students spent more
time interacting with AI than answering the quiz problems.
The average interaction time is around three minutes.

Two similarity metrics are used to measure how stu-
dents make use of AI to answer the quiz problems. First,
user-prompt-quiz-question similarity (mean: 0.50, SD: 0.23)
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GPT
correct?

GPT rele-
vant?

Student
follow?

Final ans.
correct?

Reliance
code

Reliance label Interpretation

1 1 1 1 1-1-1-1 Appropriate reliance GPT gave a correct, relevant answer, student followed it, and
got the right result.

1 1 1 0 1-1-1-0 Failed application GPT guidance was correct and relevant, student followed, but
the final outcome was wrong.

1 1 0 1 1-1-0-1 Independent success GPT was correct and relevant, student did not use it but solved
the problem.

1 1 0 0 1-1-0-0 Inappropriate self-
reliance

GPT was accurate and relevant, yet student ignored it and failed.

1 0 1 1 1-0-1-1 Semi-dependent GPT answer was correct but off-topic; student followed
nonetheless got it right.

1 0 1 0 1-0-1-0 Inappropriate reliance GPT was correct but irrelevant, student followed it and failed.
1 0 0 1 1-0-0-1 Self-corrected success GPT was correct but irrelevant; student ignored it and suc-

ceeded.
1 0 0 0 1-0-0-0 Unguided failure GPT was correct yet irrelevant; student ignored it and failed.
0 0 1 1 0-0-1-1 Serendipitous success GPT gave a wrong and off-topic answer; student followed it but

arrived at the correct result.
0 0 1 0 0-0-1-0 Inappropriate reliance GPT was wrong and irrelevant; student followed it and failed.
0 0 0 1 0-0-0-1 Self-corrected success GPT was wrong and irrelevant; student ignored it and suc-

ceeded.
0 0 0 0 0-0-0-0 Total failure GPT was wrong and irrelevant; student ignored it and failed.

Table 1: Reliance Taxonomy of Human–AI Reliance Scenarios

Figure 1: Visualizing Reliance Taxonomy. Based on our identification of the 4 labels as the reliance code, we classify student-AI
conversation into 12 scenarios. If the answer given by AI is factually wrong at the first place, the answer is irrelevant to student’s
question by definition. Link to the figure: https://www.canva.com/design/DAGn8nxHMCg/O0aiU3cLlVlY15fD8HcKpA/edit.

assesses the extent to which users copy the quiz question
text or rephrase it. Second, user-prompt-bot-prior-response
similarity (mean: 0.17, SD: 0.22) evaluates to what ex-
tent students’ prompts are related to the bot’s previ-
ous response. Both simialrity metrics are measured by
all-distilroberta-v1, which is intented to be used
as a sentence and short paragraph encoder, fitting with our
quiz context. In general, students did not simply copy and
paste the text of the quiz questions to get a quick answer.
Instead, they paraphrased the questions or asked their own
questions. The low user-prompt-bot-prior-response similar-
ity suggests that students’ prompts are not entirely bonded
with AI’s response. The distributions of simialrity scores of
both users’ and bot’s messages are shown in Figure 2.

Additionally, the linguistic complexity of both users’
prompts (mean: 6.90, SD: 3.61) and bot’s response (mean:
9.90, SD: 3.51) is measured via the Flesch–Kincaid grade

level (Kincaid et al. 1975), is a readability test that estimates
the educational level required to understand a text. It assigns
a score based on a U.S. school grade level, indicating the
difficulty of the text. A score of 9.0 means an ninth-grade
level student can understand the text. In general, students ask
simpler questions while AI respond with more complex an-
swers. The distributions of complexity scores of both users’
and bot’s messages are shown in Figure 3.

Apart from what users do during the interaction, this
study also intended to extract the content of interaction. Our
message-level labeling, guided by the revised Bloom’s Tax-
onomy (Krathwohl 2002), covers both the knowledge di-
mension (types of questions) and the cognitive process di-
mension (original Bloom’s Taxonomy). We classified stu-
dents’ prompts by types of questions into conceptual (N
= 103), procedural (N = 131), calculation (N = 36), rea-
soning (N = 27), and other (N = 15) categories through a
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Figure 2: Distribution of Similarity Scores

Figure 3: Distribution of Complexity Scores

few-shot training approach with GPT-4o. Conceptual ques-
tions refer to the prompts that students ask for the defini-
tion and meaning of a concept. The procedural questions re-
fer to the prompts that students ask for one step or multiple
steps to solve a problem. Calculation questions refer to the
prompts that students ask ChatGPT to solve calculate or
solve an equation. Reasoning questions refer to the prompts
that students ask ChatGPT about the logic behind. Other
questions include example request, visualization request and
other questions types that have not frequently shown up in
data. Prompts are also categorized by Bloom’s Taxonomy,
which is a hierarchical framework that categorizes learning
objectives into six levels based on cognitive skills. We label
message by BloomBERT (Lau 2023) with remember (N =
237), understand (N = 268), apply (N = 119), analyze (N =
31), evaluate (N = 9), and create (N = 21).

To move beyond isolated, message-level tags and capture
the full arc of student-AI exchanges, we represent each con-
versation as a sequence of coded question types and Bloom’s
Taxonomy, and compute pairwise dissimilarities via an edit-
distance metric. Specifically, we assign a cost of one to in-
sertions and deletions and a cost of two to substitutions, so
that replacing one question type with another is penalized
more heavily than skipping or repeating a turn. Calculating
the minimum total cost to transform sequence Si into Sj

for all pairs produces an n × n symmetric matrix reflect-
ing how similar or different each conversation is from every
other. We then apply agglomerative hierarchical clustering

Figure 4: Remember-driven Cluster

Figure 5: Understand-driven Cluster

with Ward’s linkage to these distance matrices (Solomon
et al. 2022). When clustering the question-type sequences
and cutting the resulting dendrogram into four groups, we
uncover distinct prototypical patterns: conceptual-driven (N
= 48), procedural-driven (N = 52), calculation-driven (N =
52), and the balanced cluster (N = 35). Applying the same
pipeline to Bloom-coded sequences yields three clusters:
remember-driven (N = 74), understand-driven (N = 70), and
apply-driven (N = 20). We create three stacked-bar charts
(Figure 4, Figure 5, and Figure 6) showing, for each of the
first five user messages, the proportion of Bloom’s taxon-
omy labels within the remember-, understand-, and apply-
driven clusters. They reveal that remember questions domi-
nate throughout in the first chart, understand questions dom-
inate in the second, and apply questions overwhelmingly
characterize the third. This sequential clustering approach
makes several key contributions. First, by preserving the or-
der and transition costs of question types, it captures tempo-
ral patterns of inquiry that single-shot message labels can-
not. Second, by distilling unique interaction logs into a hand-
ful of conversation archetypes.

Text features are extracted from the embed-
ding model available on Hugging Face under
dunzhang/stella en 1.5B v5 (Zhang et al. 2025) is
used to extract 1,042-dimension embeddings of the whole
student-AI conversation. This model was chosen because
it exhibited the best performance on the MTEB challenge
while being small enough to embed on a single NVIDIA
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Figure 6: Apply-driven Cluster

A100 GPU (Muennighoff et al. 2022). Principal component
analysis (PCA) is conducted to reduce the dimensionality
of embeddings to eight components, which explain 43 % of
the total variance.

Methods
To investigate how do students rely on AI and explore what
factors influence the AI adoption patterns, we first con-
struct a four-stage, conversation-level reliance taxonomy,
which classifies conversations to twelve reliance scenarios.
Next, we derive individual reliance trajectories and predict
whether students follow AI’s advice on the conversation data
using both behavioral metrics and text embeddings across
different machine learning models. Finally, we apply Shap-
ley Additive Explanations to our XGBoost model to trans-
parently quantify the contribution of each feature, trying to
interpret how different features predict student’s AI adop-
tion.

Constructing Reliance Taxonomy
Initially, we treat each student answering one quiz problem
as a case and categorize them to 12 reliance types in con-
versation level. To construct the reliance taxonomy, we ask
GPT-4o via API to label data at three different stages re-
spectively, including (1) ChatGPT’s answer is correct or
not, (2) ChatGPT’s answer is relevant to student’s ques-
tion or not, and (3) do students follow ChatGPT’s advice.

The labeling pipeline uses a a human-in-the-loop, few-
shot framework. First, we have human experts manually an-
notate 30 seed cases, assigning binary labels for each of the
three stages (correctness: 0/1, relevance: 0/1, student follow:
0/1). From these, the expert annotators select 3-5 representa-
tive conversation-label exemplars to prime GPT-4o. Next,
the prompts further instruct GPT-4o to: (1) produce an ini-
tial label for a given stage with explicit chain-of-thought
reasoning, (2) self-review that initial judgment in light of
its own justification, (3) revise if needed, and (4) emit a fi-
nal succinct label accompanied by a one-sentence rationale.
We validate GPT-4o’s performance by comparing its la-
bels on the remaining annotated cases (held-out from the
seeding exemplars) against the human gold standard. The
alignment rate of human labels and GPT-4o’s labels ex-
ceeds 85%. After this verification step, the same prompt-

and-self-correction procedure is applied to label the rest of
the dataset.

At the first stage, we call GPT-4o via API to identify
whether ChatGPT’s responses in the conversation are fac-
tually correct or not. If ChatGPT gives factually wrong
answers or gives multiple self-contradictory answers, label
it as 0 (wrong). Otherwise, label it as 1 (correct). For in-
stance, there is a case that ChatGPT gave an answer “The
answer to (1536 - 16384)/24 is -617.00. The answer to (1536
- 16384)/24 is -618.67.”, which is inconsistent and labeled as
wrong. There are 17.8% cases that ChatGPT gives factually
wrong answer.

As a second step, we ask GPT-4o to identify whether
ChatGPT’s responses in the conversation address stu-
dents’ questions or not. If ChatGPT’s responses are not
related to students’ questions or students do not provide con-
text of the quiz problems and the ChatGPT cannot give
relevant answer, label it as 0 (irrelevant). Otherwise, label
it as 1 (relevant). For example, in an interaction, “Student:
Can this be solved using L’Hopital’s Rule? ChatGPT: I’m
sorry. I can’t provide an accurate answer without know-
ing the specific question or problen you’re referring to,”
ChatGPT could not address student’s problem as the stu-
dent did not provide the quiz problem. In another case, the
student requested for something out of ChatGPT-4’s ca-
pacity: “Student: Show me the graph of e2x − ln(x). Chat-
GPT: As a text-based AI, I’m unable to create or display
graphs.” There are 32.7% cases that ChatGPT gives irrele-
vant answers.

Thirdly, we ask GPT-4o to identify whether students fol-
low ChatGPT’s advice or not. If ChatGPT gives concrete
answer to the quiz problem but students do not use it for
final answer or ChatGPT answers questions as part of the
process of solving the quiz problem and students do not fol-
low it, label it as 0 (not follow). Otherwise, label it as 1 (fol-
low). Around 48% of the cases that students do not follow
the ChatGPT’s advice.

These three labels are then combined with the correctness
of the student’s final answer to generate the four-digit re-
liance code, which is mapped to the corresponding scenario
(see Table 1 and Figure 1).

As a next step, we derive an individual-level reliance
trajectory by ordering each student’s conversation-level re-
liance labels chronologically. For example, a student exhibit-
ing “Failed application” on the first quiz problem and “Ap-
propriate reliance” on the second is assigned the trajectory
“Failed application–Appropriate reliance”,indicating adap-
tation and learning in subsequent human–AI interactions.

Predicting AI-adoption
We use the behavioral features and text features to classify
students’ adoption patterns (1 = follow AI’s advice, 0 = do
not follow AI’s advice). To evaluate the effectiveness of our
feature sets, we used three distinct configurations: text em-
beddings only, behavioral features only, and a combination
of both. We apply a range of classifiers, including decision
trees (DT), random forests (RF), XGBoost (XGB), support
vector machines (SVM), and logistic regression (LR) to as-
sess performance across these feature sets. The dataset was
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split by randomly allocating 80% of the student–quiz ques-
tion pairs to the training set and the remaining 20% to the
test set. We further optimize each model through hyper-
parameter tuning via cross-validation. The performance is
evaluated both on the entire test set. Finally, we utilize the
Shapley Additive Explanations (SHAP) method (Lundberg
and Lee 2017) to quantify the contribution of each feature in
our XGBoost model.

Results
Reliance Analysis on Conversation Level
Table 2 shows the results of conversation-level reliance anal-
ysis. Across all 315 AI-augmented quiz conversations, the
two single largest scenarios were “Failed application” (N =
66, 20.9%), cases in which users followed correct AI guid-
ance but still arrived at an incorrect solution (see Example
1 in Figure 7) and “Appropriate reliance” (N = 65, 20.6%),
cases in which AI was correct, users followed its advice, and
produced a correct answer (see Example 2 in Figure 7). To-
gether these two categories account for roughly 41.5% of all
attempts, underscoring that while learners eagerly lean on
AI recommendations, nearly half of those AI-guided efforts
do not yield the intended result. Additionally, there are more
“Inappropriate self-reliance” (N = 46, 14.6%) cases, where
learners ignored correct AI suggestions and answered in-
correctly on their own, than “Inappropriate reliance” cases,
where they follow incorrect AI suggestion. This result high-
lights that students did not over-rely on AI and critically
thought about how to solve the quiz problems at that time.

A closer look at the aggregated “Follow” versus “Not-
follow” branches reveals that learners were marginally more

Reliance Scenario Count (%)
Appropriate reliance 65 (20.63%)
Failed application 66 (20.95%)
Independent success 35 (11.11%)
Inappropriate self-reliance 46 (14.60%)
Semi-dependent 1 (0.32%)
Inappropriate reliance (1) 1 (0.32%)
Self-corrected success (3) 6 (1.90%)
Unguided failure 39 (12.38%)
Serendipitous success 17 (5.40%)
Inappropriate reliance (2) 13 (4.13%)
Self-corrected success (4) 9 (2.86%)
Total failure 17 (5.40%)

Table 2: Reliance Scenarios in Conversation Level: Counts
and Percentages.
Notes: There are two distinct cases referred to as “Inappropriate re-
liance”: (1) AI is correct but irrelevant, students follow advice and
get the wrong answer (46 cases) and (2) AI is incorrect and irrele-
vant, students follow advice and get the wrong answer (13 cases).
There are also two distinct cases referred to as “Self-corrected suc-
cess”: (3) AI is correct but irrelevant, students do not follow advice
and get the correct answer (6 cases) and (4) AI is incorrect and ir-
relevant, students do not follow advice and get the correct answer
(9 cases).

Example 1: failed application
Student: What is the formula that relates heat to entropy?

Chatbot: The relationship between heat and entropy is given
by the formula: ∆S = Q

T
. . .

Student’s answer: 100
20

J/(s ·K) (incorrect answer)

Explanation: The chatbot gave a correct and relevant answer,
but the student did not follow it and obtained an incorrect result.

Example 2: appropriate reliance
Student: What is the relationship between heat and entropy
given by a formula?

Chatbot: The relationship between heat and entropy is given
by the formula: ∆S = Q

T
. . .

Student’s answer: 100
293

J/(s ·K) (correct answer)

Explanation: The chatbot gave a correct and relevant answer,
and the student followed it to obtain the correct result.

Figure 7: Two illustrative examples of failed application
(top) and appropriate reliance (bottom).

inclined to follow AI recommendations (≈ 52% of inter-
actions) than to trust their own reasoning (≈ 48%). Yet
only about half of those AI-guided attempts succeeded (“Ap-
propriate reliance”), while the remainder ended in “Failed
application”, “Inappropriate reliance” (N = 13, 4.1%), or
“Unguided failure” (N = 39, 12.4%). The “negative” cases,
where students do not get the final answer correctly: learn-
ers either misinterpreted partially correct AI outputs, ap-
plied advice without critical verification, or dismissed accu-
rate guidance due to overconfidence in their own knowledge.
This suggests that students were not enabled to correctly di-
gest AI’s advice within a short period of time. Furthermore,
as this study was conducted at the relatively early stage of
ChatGPT, students were not able to use AI for learning ef-
fectively and efficiently.

Reliance Analysis at the Individual Level
In addition to conversation-level reliance scenarios, this
study also looks into how reliance scenarios develops when
each individual answers three quiz items. Table 3 presents
the top 20 reliance trajectories at the individual level. On av-
erage, each student saw three quiz items, yet nearly 48% of
learners (N = 87) interacted with ChatGPT only once be-
fore disengaging. Among these single-step trajectories, the
most common were “Failed application” (N = 17, 9.34%),
“Inappropriate self-reliance” (N = 17, 9.34%), and “Un-
guided failure” (N = 13, 7.14%). Three factors likely drive
this pattern. First, a negative initial experience, whether from
misapplying correct advice or ignoring it entirely may dis-
courage further AI use. Second, students in the PLTL pro-
gram showed strong confidence with their human tutor and
the sudden replacement with AI tutor might contribute to
low trust in AI in this body of students, which discourages
them from further inetracting with AI. Third, some learners
may possess sufficient prior domain knowledge to answer
correctly without additional AI support. Indeed, isolated “In-
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Reliance Scenario Count (%)
Failed application 17 (9.34%)
Inappropriate self-reliance 17 (9.34%)
Unguided failure 13 (7.14%)
Appropriate reliance 11 (6.04%)
Independent success 9 (4.95%)
Inappropriate reliance 6 (3.30%)
Inappropriate self-reliance–Failed application 5 (2.75%)
Total failure 5 (2.75%)
Serendipitous success 5 (2.75%)
Appropriate reliance–Failed application 4 (2.20%)
Self-corrected success 4 (2.20%)
Independent success–Unguided failure 4 (2.20%)
Independent success–Appropriate reliance 3 (1.65%)
Failed application–Failed application 3 (1.65%)
Appropriate reliance–Appropriate reliance 3 (1.65%)
Self-corrected success–Inappropriate self-reliance 2 (1.10%)
Independent success–Failed application 2 (1.10%)
Appropriate reliance–Unguided failure 2 (1.10%)
Appropriate reliance–Inappropriate reliance 2 (1.10%)
Appropriate reliance–Total failure 2 (1.10%)

Table 3: Top 20 Reliance Trajectories in Individual Level:
Counts and Percentages

dependent success” (N = 9, 2.86%) trajectories suggest that,
for a subset of students, a single interaction or none at all
is adequate to solve the problem and they forego further AI
consultation.

By contrast, over half of students (N = 95) engaged with
ChatGPT two or more times, generating a rich variety of
multi–stage trajectories. Only a small subset of learners ex-
hibited consistently positive collaboration—repeated “Ap-
propriate reliance → Appropriate reliance” (N = 3, 1.65%)
and “Independent success → Appropriate reliance” (N = 3,
1.65%), suggesting stable, productive human–AI teaming.
In contrast, some remained locked in negative loops, such as
“Inappropriate self–reliance → Failed application” (N = 5,
2.75%) and “Failed application → Failed application” (N =
3, 1.65%), indicating persistent mistrust or misapplication of
AI advice. Even more common were reversals from an initial
positive outcome to a subsequent failure—“Appropriate re-
liance → Failed application” (N = 4, 2.20%) and “Indepen-
dent success → Unguided failure” (N = 4, 2.20%), showing
that a single correct use did not equip learners with robust
verification strategies for their next prompt. These hetero-
geneous trajectories reveal that many students lack effective
sequential prompting skills and that unstructured AI feed-
back can both aid and mislead. To foster sustained, construc-
tive human–AI learning, students should be equipped with
prompting strategies.

Predicting AI-adoption
Table 4 presents the classification performance measured by
accuracy across different feature configurations and models.
Our dataset contains 51.75% positive instances (follow AI’s
ideas), and the majority baseline accuracy is approximately
0.52. When using text features only, model accuracies are
only marginally above this baseline, ranging from 0.524
(DT) to 0.714 (RF), which shows text features do not fully

Classifier
Text Embeddings

Only
Behavioral

Features Only
Behavioral + Text

Embeddings
DT 0.524 0.730 0.667
RF 0.714 0.746 0.778
XGB 0.571 0.667 0.778
SVM 0.651 0.698 0.651
LR 0.635 0.778 0.746

Table 4: Model Performance by Feature Set

distinguish whether students adopt AI’s suggestions or not.
When using behavioral features only, all classifiers hover
above baseline, with Decision Tree at 0.73 the highest, Ran-
dom Forest at 0.746, and Logistic Regression at 0.778. This
tells us that students’ behaviors and temporal patterns alone
carry some signal. However, across the board, adding behav-
ioral features to text embeddings yields the strongest results.
Random Forest and XGBoost both reach 0.778 accuracy and
Logistic Regression climbs to 0.746. This consistent lift in-
dicates that behavioral cues and text cues provide comple-
mentary information: where text embeddings may identify
what the student and AI said, behavioral features tell us how
and when they acted.

The SHAP feature-importance plot (Fig 8) shows that the
strongest predictors of adopting AI’s advice are continu-
ous measures of semantic and behavioral features. At the
very top sits the similarity between the student’s prompt
and the quiz problem itself, which suggests that learners re-
state the problem in language very close to the original quiz
question text. The model picks up on this as a hallmark of
AI-adpotion behavior. Total time on task comes next, indi-
cating that prolonged engagement often reflects a willing-
ness to iteratively consult and refine through the AI rather
than defaulting to one’s own immediate instincts. Conver-
sation complexity and the principal-component projection
of the text embeddings account for the next largest slices
of predictive power. Complex conversations suggest that ei-
ther students have in-depth discussions with ChatGPT or
discussing a complex quiz item that naturally drives stu-
dents toward external scaffolding and following AI. In con-
trast, some categorical factors, such as Bloom’s level, ques-
tion type, subject, or cluster and another similarity metric
prompt-to-prior-response similarity register near zero mean
SHAP, underscoring that how students engage and what they
write matter far more than traditional curricular taxonomies.

The SHAP dependence analysis (Fig. 9) further clarifies
directionality. High prompt–quiz similarity (red points) al-
most invariably yields positive SHAP values, pushing the
model to predict adopting AI’s responses. This reflects that
students who ask questions similar to quiz question text are
more likely to rely on AI for answering questions. Longer
times on task also correlate with positive SHAP, suggesting
that students who deliberate, perhaps iterating through mul-
tiple AI turns are those who trust and lean on the system.
Additionally, high complexity scores push SHAP positive,
predicting AI-adoption: students engage in complex conver-
sations are associated with higher possibility of following
AI’s advice. Finally, the faint scatter of categorical features
around zero confirms that once we account for these rich
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Figure 8: SHAP Bar Plot of XGBoost

Figure 9: SHAP Beeswarm Plot of XGBoost

semantic and behavioral signals, no single question type or
Bloom’s Taxonomy systematically predisposes a student to
either trust or disregard the AI.

Conclusions and Discussions
In this study, we investigate students’ reliance on and adop-
tion of ChatGPT-4 during quiz tasks in an authentic aca-
demic setting. By applying a novel four-stage reliance taxon-
omy alongside comprehensive behavioral analysis, we cap-
tured the dynamics of student interactions with AI and re-
vealed critical insights about reliance patterns.

Our findings reveal distinct reliance scenarios at both
conversational and individual levels. The conversation-level
analysis demonstrates no across-the-board overreliance on
AI. Instead, there are more cases of “Inappropriate self-
reliance” than those of “Inappropriate AI-reliance.” How-
ever, there are many “Failed application” cases, suggest-
ing that students frequently struggled to effectively apply
AI advice, highlighting challenges in leveraging AI assis-
tance correctly within short, interaction-intensive periods.
This outcome aligns with broader concerns that rapid AI in-
tegration without appropriate training can lead to superficial
engagement and misguided reliance.

At the individual level, reliance trajectories further under-
score students’ overall low trust in AI. Many students only
interacted with the AI once as their initial interaction did not
lead to the correct answer. It suggests insufficient perceived

value or discouragement from the unsuccessful initial inter-
action. Moreover, a subset of students demonstrated consis-
tent unsuccessful applications of AI or shifts from success-
ful to unsuccessful applications. This indicates that students
rarely altered their initial strategies effectively within the
study time window. This finding emphasizes the necessity
of onboarding stduents with techniques to interact with AI
and designing interfaces that can dynamically adapt to user
behaviors and foster effective reliance practices, preventing
premature disengagement and misuse of AI tools.

Through predictive modeling, we identified several be-
havioral and text features significantly associated with AI
adoption. Specifically, prompt-question similarity, conversa-
tion duration, and content complexity emerged as critical
predicators. Students who closely paraphrased quiz prob-
lems, spent sufficient time in the conversation, or crafted
complex contents in prompts were more likely to follow AI’s
response. These findings indicate that the cognitive states
of students and the bounded contexts substantially influence
their reliance patterns. It would be useful to equip future
AI with real-time alignment cues, adaptive hinting, real-time
similarity feedback, or complexity-aware prompting.

Limitations Our study is subject to several limitations.
First, our reliance data was originated exclusively from a
private university in the United States, limiting the gener-
alizability of our conclusions. Future research should in-
corporate institutional and cultural diversity to validate our
findings. Second, our reliance analysis was constrained by
the quiz context and a 30-minute interaction window. While
insightful, this limitation underscores the need to investi-
gate reliance behaviors over extended interactions, captur-
ing reliance dynamics more reflective of everyday AI us-
age. Third, occasional technical disruptions due to internet
latency potentially impacted students’ reliance behaviors,
highlighting the necessity of robust, reliable AI systems for
future research. Finally, our predictive models classified re-
liance broadly, without specifically distinguishing appropri-
ate reliance from inappropriate or misguided reliance. Sub-
sequent research should refine these models to predict and
promote appropriate reliance, enhancing practical utility and
ethical integration of AI in educational contexts.

With these caveats, our study contributes a valuable edu-
cational case study to the broader discourse on AI reliance,
trust, and ethics within social contexts. By exploring authen-
tic student interactions with genAI, we provide concrete em-
pirical evidence on how the dynamics of reliance and adop-
tion of AI evolve in realistic environments. The implications
of our findings extend beyond education, offering insights
into general principles for ethical and effective AI integra-
tion into human activities. Based on this study, some im-
plications for future AI designs include transparency in AI
reasoning processes, trust calibration suggested by human
behaviors, and the need for interface designs that actively
mitigate cognitive biases and misuse.
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