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Abstract
Artificial Intelligence (AI) tutoring in higher education has become an important part of the recent
educational practices. This study introduces the Cognitive Autonomy Index (CAI), a theory-driven metric
for characterizing student-AI interactions. The CAI captures the balance between behaviors that promote
autonomy, such as asking conceptual questions, and those that undermine autonomy, such as
requesting full solutions by AI tools. We analyzed longitudinal dialogue data from 110 undergraduates in
an AI course to examine whether the CAI is associated with students’ performance on examinations
completed without AI assistance and whether these relationships vary across different phases of the
course. Analyses reveal that aggregating autonomy-related behaviors into a single score obscures
critical phase-specific dynamics. Overall AI usage volume showed only weak associations with
examination performance. However, Principal Component Analysis (PCA)-derived behavioral
components demonstrated stronger associations with performance, indicating that how students use AI
tools matters more than how much they use them. Early-phase conceptual questioning was positively
associated with examination performance, while late-phase context-dumping (pasting assignment
material) was negatively associated with performance. Writing requests, classified as autonomy-
undermining in CAI, was positively associated with early performance, revealing that the same behavior
has different meanings at different times.

1. Introduction
Higher education started to incorporate heavily generative AI, particularly large language model
chatbots. The percentage of full-time undergraduates in the UK who reported using AI increased from
66% in 2024 to 92% in 2025. Students reported using these tools to summarize information and explain
concepts, but many are still unclear about what is considered appropriate use [1]. Some risks such as
becoming overly dependent on AI and losing critical thinking abilities are revealed by some studies [2].
Students use GenAI for personal tasks, for academic work, and for a variety of assignments rather than
just one [3]. These tools are now part of everyday student life.

Due to the rapid adoption, researchers have begun investigating how frequently AI is used. According to
Cotton et al. [4] and Susnjak and McIntosh [5], universities had to respond swiftly to the threat of
cheating. The frequency of using AI doesn't address the central question of this study: does GenAI assist
students in thinking, or does it think for them? [3] In order to correct their own response, a student might,
for instance, ask the AI to clarify a concept. Conversely, another student could copy the AI-generated
solution in its entirety. Even though both of these activities qualify as "using AI," they differ greatly.

In this study, we evaluate the way students interact with GenAI tools. Therefore, we introduced cognitive
autonomy index (CAI) to determine if students’ prompts show that they are thinking or just handing the
work to the AI tool. The definitions of cognitive autonomy support and self-regulation provide the base
for our concept. Cognitive autonomy support provides reasoning and ownership for students. Self-
regulation represents the planning, checking, and evaluation of one's own work over time [6, 7]. We use
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two versions of CAI because a common pattern of behavior is potentially ambiguous: "providing context"
may either represent providing a productive question to a GenAI tool or copying/pasting assignment
materials so the tool completes them. CAI-A is conservative in treating this action, whereas CAI-B is
stricter by weighting explanation-seeking more positively than direct production requests.

McNichols et al. [8] demonstrated that the manner in which students utilized an LLM tutor and the nature
of interactions were more predictive of outcomes than the quantity of interactions. They categorized AI
dialogue acts as either inquiry driven or solution driven. However, they did not develop nor test a method
of measuring interaction quality related to cognitive autonomy, and they also did not investigate the
effect at different times during a course. Our research builds upon McNichols et al. [8], in two manners.
First, we measured the quality of AI interactions through CAI. This is a score for each student
representing the proportion of autonomous cognition supporting behaviors compared to those that
would replace autonomous cognition. Second, we investigated whether the effect of CAI scores changes
over the semester. We analyze the effect of AI usage on early, mid, and late phases of the course.

Building on the StudyChat dataset for an undergraduate AI course, described by McNichols et al. [8]
where data is licensed under CC BY 4.0., the current study employs a phase sensitive design: GenAI’s
associations with engagement differ across learning environments, and effects in the broader literature
vary with implementation and duration rather than being uniform [9, 3]. The course was separated into
three stages. In stage one, students were able to develop their foundational knowledge. Stage two
involved practice and application of the skills developed during stage one. In the third stage, students
applied all previously acquired skills while receiving increased assessments. Timing matters because
some help can make the assignment look better without actually improving what the student knows. As
such, only analyzing the final product would result in overestimating student learning relative to their
actual knowledge [10, 9].

In order to demonstrate CAI using real student behavior, we used conversation logs from the StudyChat
dataset collected within an undergraduate AI course and matched them to exam scores taken by
students when no AI was utilized [8], and then determined whether CAI could accurately predict a
student's performance on exams and if the ability to do so varied among the three distinct stages of the
course (early, middle, and later). While the conversation logs provide valuable insight into student
behavior post-AI interaction, they do not account for other actions performed by the student subsequent
to interacting with the AI tool. Therefore, certain patterns observed in the logs may be due to
characteristics of the AI system and not necessarily related to how the student utilizes or develops
knowledge through the interaction [11].

2. Literature Review
The research regarding GenAI within the higher educational setting has been growing rapidly; however,
much of this research still measures student usage solely by frequency or duration of usage [1, 3]. This
review addresses three interrelated topics. First, adoption and integrity show why counting use came
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first. The second topic concerns learning sciences that address why quality of use is relevant. Third,
timing and conversation traces show why we need to test quality at different phases in the course [3, 9].

2.1. AI tutors and the habit of counting
The first point is about how many students use these tools. According to the Student Generative AI
Survey, 92% of students in the UK have used GenAI, up from 66% the year before. Common applications
include concept explanation and material summarization; 88% also report using it for assessments;
many students are still unclear about what constitutes appropriate use [1]. Concerns about over-reliance,
a lack of critical thinking, privacy risks, false information, and academic dishonesty are among the
perceived benefits and concerns that are expressed in survey work conducted outside of the UK [2].
Similar findings from an extensive Chinese survey indicate that students apply these tools across a
variety of task types and that academic GenAI use surpasses daily-life use, which already suggests that
"use" is not a single, consistent behavior [3].

As such, educational institutions have been responding to these risks by addressing them in a couple of
key areas. First and foremost, there were efforts made to protect assessment integrity. In addition to
institutional pressures to maintain the integrity of assessments, this concern has impacted the early
literature. Online examination research has shown that LLMs provide students with an advantage in
producing sufficient answers in unproctored examinations. Therefore, universities have begun
implementing stricter measures and redesigning their exams [5]. Additionally, research into academic
integrity related to the use of AI-assisted writing has produced concerns regarding authorship and
originality. Consequently, universities need to develop clear policies regarding the use of AI in
assessments, increase staff training regarding its use, and implement a combined approach that
includes both preventing cheating and detecting it when it occurs [12, 4]. When developing take-home
assignments, educators should consider assessing student learning based on processes completed
without the aid of AI. Broader policy work from UNESCO [13] treats these decisions as part of keeping
humans in control of how AI is used in education [14].

Secondly, many educational institutions are considering GenAI as a tool to support learning goals. While
some researchers believe that GenAI systems serve as tools to augment learner development and
teacher decision making [15]. However, other scholars warn that educational institutions are adopting AI
faster than they are designing good ways to use it, and we do not know enough about how it affects
learning [15].

Despite these contributions, the literature shares a common gap: counting shows scale and urgency, but
not whether students learn better. Two students who use AI can do very different things; one may be
utilizing the system to enhance understanding and quality of work while the other is simply copying from
the AI [3, 16]. Due to this limitation, the subsequent area of study focuses on student engagement,
autonomy, and self-regulated learning.
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2.2. Defining quality of use: engagement, autonomy, and
self-regulation
A recent study published by Chi and Wylie [17] called the ICAP framework (interactive, constructive,
active, and passive) provided a way for researchers to measure students' level of engagement as
students interact with their learning environment. The study found that when students are able to
construct upon their own ideas and build on those ideas rather than simply receive information, then
they will be able to learn more effectively. Researchers focused on the area of autonomy support have
studied areas such as choice, reasoning, and ownership. Researchers who focus on self-regulated
learning have studied areas such as planning, monitoring and self-evaluation. When combined together,
both of these frameworks provide a clear understanding of what good AI use looks like [7, 6] and they
suggest that learning quality depends on active cognitive engagement, and not just receiving AI-
generated answers.

Recent studies show clearly that better output does not mean better learning. An experiment was run by
Fan et al. [10] using 117 university students. The results of the experiment showed that students who
utilized ChatGPT for writing their essays produced higher quality essays but did not demonstrate greater
knowledge transfer or greater actual learning. Their self-regulation patterns also changed. This supports
previous warnings that AI may be able to produce a final product that appears to be of higher quality
while providing little assistance to students understanding the material being presented [9]. Thus, the
true question is not: will the output become better, but will the student learn.

Researchers have also explored how students utilize AI-generated output. Pallant et al. [18] distinguish a
mastery approach, where students use GenAI to construct and augment knowledge, from a procedural
approach, where students use it without knowledge augmentation, and they link the mastery pattern to
higher-level learning outcomes [17]. Survey evidence also suggests that AI literacy and self-regulated
learning relate to stronger writing performance and that writing performance partially mediates the link
between AI literacy and GenAI-related well-being [19, 6]. What remains unresolved is whether those
stronger outcomes depend more on the learner, the task, or the way the tool is guided. Recent studies
also show that how students use AI depends on their learning behavior and skills. Rahman and Alam [20]
found that self-directed learning affects how students benefit from AI tools. Other research also shows
that self-regulated learning depends on both student characteristics and the features of AI tools. This
means that students learn better when they actively manage and control how they use AI during their
learning process [21]. Lim and Teh [22] showed that AI literacy and engagement help students take more
control of their learning and improve outcomes.

The effect of AI use also depends on who the learner is and what the task requires. In student writing
contexts, higher AI literacy and stronger self-regulation are associated with better writing performance
[19, 9]. People who feel more confident using generative AI tools (like ChatGPT) also report that they
spend less mental effort thinking critically. They choose to think less because they trust the AI. When AI
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provides answers instantly, users may feel less need to check whether those answers are correct [23, 9].
Even if a student is motivated and smart, poorly designed assignments can still encourage lazy AI use.

Design studies suggest that guidance changes the story, but not automatically. In an experiment with
undergraduates, guided LLM use produced stronger gains in writing quality and engagement than
unguided use, with modest mental health benefits [24]. Debate-based instruction that integrated
ChatGPT also reported gains in critical thinking and argumentation compared to traditional debate,
though the context was course-specific [25, 9]. Frameworks like CHAT-ACTS explain how chatbots can
support active learning, but without assessing what students achieve [26, 6].

Studies on using AI to provide feedback and to create AI-made educational materials have yielded both
positive and negative results. Student’s use of basic cognitive strategies has been shown to increase
while their use of self-regulatory monitoring decreases as a result of receiving ChatGPT generated
feedback [6, 27]. If students do not learn to effectively utilize this type of feedback, they will not be able
to demonstrate improvements as a result of its use [6]. For example, research into AI created reading
passages and teacher-created questions showed that the teacher-created question had significantly
higher value in terms of promoting critical thinking than the AI-created passage [17, 28]. Researchers can
currently identify theoretical descriptions of effective uses of AI in education. However, researchers
continue to have difficulty identifying effective uses of AI in actual classroom settings.

2.3. Challenges in Interpreting Student–AI Interactions
The effectiveness of AI use by students may vary throughout the course of an academic term. A body of
research referred to as the "Google Effect" indicates that when individuals expect that they will be able to
obtain information easily, they will retain less information related to that topic and instead focus on
locating it in the future [29]. The same concept may apply to student use of AI in tutoring sessions as
answers are often available within one prompt. Additionally, large surveys also show that the connection
between GenAI use and student engagement changes depending on the learning environment.
Therefore, when and where students use AI determines whether the AI actually teaches them something
or just does their work for them [9, 3]. Dialogue act research also explains why these conversation logs
are hard to interpret. Model responses can show systematic dialogue-act patterns. These patterns often
differ from how humans normally talk [11, 8]. The second constraint relates to scale and simulation.
Simulation allows researchers to run many experiments quickly. However, simple or careless prompting
can make student behavior look unrealistic. To get realistic results, researchers must make careful
choices in how they set up the simulation [30, 11].

2.4. Gap statement
Although prior research has documented rapid GenAI adoption, a critical gap remains. Universities do
not have a proven method for measuring how much students learn from their real conversations with AI
tutors. They also do not know whether students who appear to learn well from AI actually perform better
on tests and exams when they must work independently without AI assistance. The current paper
addresses that gap. It develops and validates a way to assess the quality of real student–GenAI
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interactions using autonomy-supportive and autonomy-undermining indicators. The paper also tests
whether those interactions predict students' independent performance, and examines how these
relationships vary throughout different stages of a course.

3. Research Questions and Hypotheses
This study addresses four research questions.

1. How well does the Cognitive Autonomy Index (CAI) predict performance on exams where AI use is
prohibited?

2. Does CAI predict exam performance beyond simple usage volume measures, such as total
interactions?

3. Do the CAI-to-exam-performance links remain stable after accounting for ambiguous dialogue
behaviors, such as “provide context”?

4. Do links between specific AI tutor behaviors and exam performance change across early, mid, and
late course phases?

Based on theories of self-regulated learning and prior evidence from educational technology research,
we propose the following hypotheses:

H1 (Usage Volume Baseline): Overall usage volume (e.g., total interactions) has a weak or
nonexistent association with performance on AI-prohibited exams.

H2 (Main Effect of Cognitive Autonomy): Higher CAI scores are positively associated with better
performance on AI-prohibited exams after controlling usage volume.

H3 (Phase-Dependent Effects): The relationships between particular AI tutor actions and exam
performance vary over the early, middle, and late phases of the course.

4. Methodology
The methodology steps can be seen figure 1. It can be divided into three blocks (Data, Feature
Engineering, and Modeling) and 8 steps. More details about its 8 steps are provided in the next
subsections.

4.1. Data Sources, Course Context, and Integration
Two data sources were used in this study. The first one is the StudyChat interaction logs. McNichols et
al. [8] developed the StudyChat Dataset, which is publicly available under the Creative Commons
Attribution 4.0 International (CC BY 4.0) license. The dataset contains student dialogues with ChatGPT
collected within an artificial intelligence course environment. In total, there are 16,851 interactions from
203 students across Fall 2024 and Spring 2025. Students used a custom web application running gpt-
4o-mini, the free ChatGPT tier, while working on seven programming assignments. The dataset is stored
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in JSON Lines (.jsonl) format, where each line represents one student–AI interaction. Each record
contains:

userId: unique student identifier

chatId: unique chat session identifier

timestamp: interaction time

prompt: student message

response: AI tutor reply

llm_label.label: hierarchical dialogue-act label, for example, conceptual_questions>Computer
Science

llm_label.justification: short rationale for the label

The second data source, which is about course assessment, is a CSV file with normalized scores per
student. It includes AI-prohibited assessments (three exams or quizzes, e1, e2, e3, completed without AI
support), AI-allowed assessments (seven assignments, a1 to a7, completed with AI support), and
composite scores: no_llm (mean of e1 to e3) and llm (mean of a1 to a7).

The complete StudyChat dataset contains 203 students over two semesters [8]. We restricted the
analytical sample to 110 undergraduate students who fulfilled two specific criteria: They agreed to share
data from the tests, and their userId match in both the interaction logs (JSONL) and the assessment file
(CSV). This match made it possible to track each student's use of AI and their performance in the course
over time. The final sample of 110 students is 54 percent of the original StudyChat cohort. Each student
met all inclusion criteria.

The course lasted 15 weeks and had three AI-prohibited tests. Exam 1 (e1) was about the first five weeks
and assessed foundational concepts. Exam 2 (e2) was for weeks 6 to 10 and assessed intermediate
applications. Exam 3 (e3) was about weeks 11 to 15 and evaluated integrative knowledge.

4.2. Variable Construction

4.2.1. Outcome Variable: AI-Prohibited Exam Performance
The primary outcome was no_llm, defined as the mean of the three AI-prohibited exams (no_llm = (e1 + 
e2 + e3) / 3), no_llm is continuous and goes from 0 to 1. This measure shows the performance of the
student on the test without any help from AI. The source file made scores fit into the range of [0, 1].
Some students got extra points, which made the numbers go up (and sometimes greater than 1). For the
β regression model, grades greater than 1 were truncated to 1. We shifted exact 0 and 1 values by
epsilon = 0.001 (so all numbers are between 0 + 0.001 to 1- 0.001) to make it easier to estimate the
boundary.

4.2.2. Predictor Variables
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The predictor variables consisted of usage volume and behavior rates. Usage volume (total turns) was
the total number of labeled AI interactions per student. For each student, dialogue-act category counts
were converted into proportions by dividing each category count by the total number of turns. The
analyzed categories included conceptual questions rate, representing the proportion of general
knowledge questions; contextual questions rate, referring to questions about assignment-specific details
or interpretation of outputs within the current context; writing request rate, indicating requests for
generating text such as code, explanations, summaries, or conversions; provide context rate,
representing interactions in which students supplied information to the LLM, including assignment
instructions; verification rate, referring to requests for validation of code, writing, or outputs; editing
request rate, indicating requests for modifications or improvements; off-topic rate, representing
interactions unrelated to the assignment such as casual discussions, greetings, or expressions of
gratitude; and miscellaneous rate, which included interactions that did not fit into any other dialogue-act
category.

4.2.3. Cognitive Autonomy Index (CAI): Theoretical
Grounding
To measure cognitive autonomy, we created the Cognitive Autonomy Index (CAI). The CAI shows
whether students use AI to support their own thinking or not. Guided by self-regulated learning theory [6]
and work on cognitive autonomy in classrooms [7], we classified each type of dialogue act as either
autonomy-supportive (POS) or autonomy-undermining (NEG). We mapped each dialogue act to the
StudyChat broad categories [8]. Autonomy-Positive Behaviors (POS) are conceptual questions (seeking
explanations and "why" questions), contextual questions (problem clarification and parameter checking),
verification (checking reasoning), and editing requests (revising self-generated content). For Autonomy-
Negative Behaviors (NEG), two variants were defined to test robustness regarding the ambiguous
"provide context" label. In CAI-A (Conservative), "writing request" is the only behavior that NEG includes.
In CAI-B (Stricter), both "writing request" and "provide context" are part of NEG.

The CAI for each student was computed as: 

CAI = pos_rate  − neg_rate (1)

Where, 

pos_rate = POS / total turns (2)

neg_rate = NEG / total turns (3)

misc_rate and “off topic rate” are not included in both autonomy-positive behaviors and autonomy-
negative behaviors.
However, CAI makes an assumption that the meaning of autonomy-supportive and autonomy-
undermining behaviors is stable across time. As we show later, this assumption fails sometimes, where
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behaviors classified as "autonomy-undermining" (e.g., writing requests) can support early learning, while
"autonomy-supportive" behaviors may not uniformly predict success.

4.2.4. Dimensionality Reduction via Principal Component
Analysis (PCA)
The seven behavior rates always add up to one for each student. If one rate goes up, others must go
down. This creates a statistical problem called multicollinearity. If we include all rates in one regression
model, multicollinearity inflates variance. We used Principal Component Analysis (PCA) to lower the
number of dimensions. PCA transforms correlated predictors into a smaller set of uncorrelated
components. Each component is a linear combination of the original variables.

Component retention was determined using three criteria: the scree plot (Fig. 2), eigenvalues greater
than 1 (Kaiser criterion), and the interpretability of component loadings.
As will be shown in the results section, we kept PC1 and PC2. Together, they made for 45.5 percent of
the total variance. PC1 accounted for 25.2%, and PC2 accounted for 20.2%. These parts had
interpretable loading patterns. We used these orthogonal components as predictors in the regression
models to reduce multicollinearity.

4.3. Data Preprocessing Pipeline
A number of steps were implemented in Python to construct the final dataset. At first, the hierarchical
llm_label.label was parsed to extract the broad category (text before >). Then, rows with missing userId
or label were removed. For each student, counts of each broad label were summed. After that, behavior
rates and CAI variants were computed. Then, aggregated interaction data were merged with grades
using userId. Finally, for beta regression, exam scores > 1 were truncated to 1, and exact 0/1 values were
shifted slightly (ε = 0.001) to avoid estimation issues.

4.4. Analytical Strategy
The approach in this study contains several stages, beginning with descriptive and correlation analyses.
We summarized the sample characteristics and the distribution of behavior rates and we calculated
Pearson correlations between behavior rates and no_llm.

4.4.1. Overall Regression Models
We compared three models to test if AI interaction patterns predict exam performance better than usage
volume alone.

Model 1: Baseline Model (OLS): It used ordinary least squares (OLS) regression to estimate the
relationship between interaction volume and performance: no_llm ~ total_turns. This model captures the
linear association between the number of StudyChat interactions and the average performance on AI-
prohibited exams.
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Model 2: PCA Model (OLS): It incorporated PCA to address multicollinearity among the behavior rates.
The first two principal components (PC1 and PC2) were used as predictors together with interaction
volume: no_llm ~ PC1 + PC2 + total_turns.

Model 3: PCA Model (Beta Regression): It retained the same predictors but employed beta regression
instead of OLS: no_llm_adj ~ PC1 + PC2 + total_turns. Beta regression was used because exam
performance is bounded between 0 and 1. The adjustment of the dependent variable (no_llm_adj) is a
result of the truncated values and the shift of ε = 0.001 to satisfy the requirements of beta regression.

We utilized R2 to assess the OLS models fit. However, pseudo-R2 and AIC (Akaike Information Criterion)
were used to assess beta regression. R2 in OLS represents the proportion of variance explained by the

predictors, whereas pseudo-R2 in beta regression measures improvement over a null model. Lower AIC
values indicate a better trade-off, which means explaining the data well without unnecessary predictors.
AIC adds a penalty for each additional predictor.

4.4.2. Phase-Dependent Analysis
We developed a different beta regression model for each of the three exams: e1, e2, and e3. This is to
examine the relationship between AI behaviors and test scores over time. Three factors are considered:
theoretical relevance, the course structure at each phase, and early bivariate correlation patterns. In early
phases, when students are focused on acquiring new concepts, conceptual questions are more
important. By mid-course, during skill consolidation, too many contextual questions may give indication
of confusion rather than real engagement. Late-phase (knowledge integration) is sensitive to any passive
context-providing behaviors. We did not include additional behavior rates, like verification, editing, and
off-topic requests because their proportions (compared to other types of behaviors) are usually low, and
because they have weak importance.

The following phase-specific models were estimated:

Early Phase: e1 ~ conceptual questions rate + writing request rate

Mid Phase: e2 ~ contextual questions rate

Late Phase: e3 ~ provide context rate

Effects were interpreted as log-odds (β) and converted to predicted probability changes for a 0.10
increase in behavior rate.

4.4.3. Robustness and Validity Checks
We conducted three robustness and validity assessments to ensure dependability and generalizability.
The first one is ablation test. We checked to see if the composite CAI holds predictive information as
well as its components. We compared a model with CAI to a broken-down model with no_llm ~ pos_rate 
+ neg_rate + total_turns. If the decomposed model does not significantly enhance fit, this substantiates
CAI as a concise and valid summary measure of autonomy-related AI activities. The second one is CAI
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variant comparison. We tested sensitivity to how we classify ambiguous behaviors. We estimated all
models employing both CAI variations. CAI-A considers writing requests as autonomy-undermining. CAI-
B views writing requests and “provide context” as autonomy-undermining. Similar results across variants
indicate robustness to this labeling choice. The third one is OLS vs. Beta regression comparison: We
examined the coefficients and significance levels of OLS regression and beta regression because exam
results are bounded to the range of 0 to 1. Beta regression is more appropriate for proportional
outcomes, and consistency between the two models would strengthen the reliability of results derived
from either technique.

4.4.4. Model Diagnostics and Assumption Checks
To ensure statistical robustness, we conducted comprehensive diagnostics. For multicollinearity, we
calculated Variance Inflation Factors (VIFs) for raw behavior rates. If there are predictors with VIF values
exceeding 5, then that indicates multicollinearity and, therefore, justifies the use of PCA. Test results are
limited to a certain range (0–1), and educational scores often don't follow the normal distribution.
Consequently, we employed beta regression as the principal method because it is appropriate for
bounded proportional outcomes and does not require normally distributed residuals. Moreover, we used
AIC values and pseudo-R2 to select the best model specifications.

All analyses were conducted in R 4.4.3 using the following packages: tidyverse, betareg, car, corrplot,
broom, kableExtra, and patchwork. Data preprocessing was performed in Python 3.9. Code is available
upon request for reproducibility.

5. Results

5.1. Sample Characteristics and Descriptive Statistics
The final analytic sample was made up of 110 undergraduate students who had complete records of
their interactions and assessments. This was 54% of the original StudyChat group. Table 1 shows the
descriptive statistics for the most important variables.
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Table 1
Descriptive Statistics of Key Variables (N = 110)

Variable Mean SD Min Max

AI Usage        

total_turns 88.26 89.14 1 386

Exam Performance        

no_llm 0.856 0.092 0.338 0.997

e1 0.819 0.145 0.403 0.99

e2 0.876 0.146 0 1.05

e3 0.873 0.114 0.57 1

CAI Variants        

CAI-A (Conservative) 0.129 0.431 -1 0.8

CAI-B (Stricter) -0.033 0.479 -1 0.732

The average grades of the exams are above 0.81. The possible range is from 0 to 1. However, the
maximum of 1.05 for the second exam (e2) was because of the bonus for some students. These
numbers show that the distribution of students’ grades cannot be normal. There were problems with the
exam scores that needed to be fixed for beta regression. For example, e2 had 15 scores more than 1
(bonus points), 1 score equal to 0, and 1 score equal to 1. For e3, there were 2 scores equal to 1. Any
score over 1 was truncated at 1, and any score that was exactly 0 or 1 was shifted by ε = 0.001.

Table 2 shows the distribution of AI behavior rates. Writing requests (34.0%) were the most prevalent
activity, followed by conceptual questions (22.6%) and contextual questions (18.3%). The off topic and
miscellaneous requests are rare. As mentioned before, both off topic and miscellaneous requests were
not considered positive or negative in CAI.
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Table 2
Mean Rates of AI Tutor Behavior Categories

Behavior Mean Rate SD

Writing requests 0.34 0.198

Conceptual questions 0.226 0.192

Contextual questions 0.183 0.154

Provide context 0.163 0.151

Verification 0.032 0.061

Editing requests 0.027 0.054

Off topic 0.027 0.069

Misc. 0.002 0.011

5.2. Bivariate Correlations with AI-Prohibited Exam
Performance
Bivariate correlations (Pearson's r) between behavior rates and no_llm yielded preliminary insights
(Table 3). There was a positive correlation between conceptual questions and test performance (r = 
0.151, p = .116). However, there was a negative correlation between contextual questions (r = − 0.265, p =
.005) and provide-context behaviors (r = − 0.209, p = .028) and exam performance. Both CAI variants
demonstrated weak, non-significant negative associations. Given the weak bivariate correlations
between both CAI variants and exam performance (r = -0.109 and − 0.047), we did not pursue simple
regression models with CAI alone.
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Table 3
Bivariate Correlations with AI-Prohibited Exam

Performance (no_llm)
Variable r p-value

conceptual_questions_rate 0.151 0.116

writing_request_rate 0.187 .051†

editing_request_rate 0.15 0.119

verification_rate −0.009 0.924

misc_rate 0.064 0.507

contextual_questions_rate −0.265 .005*

provide_context_rate −0.209 .028*

off_topic_rate −0.171 .074†

CAI-A (Conservative) −0.109 0.257

CAI-B (Stricter) −0.047 0.624

total_turns 0.13 0.175

Note: † p< .10, * p < .05, ** p < .01.

Figure 3 shows a heat map of bivariate correlations between AI tutor behaviors and exam performance.
Warm colors, red and orange, show negative correlations. Cool colors, blue, show positive correlations.
The strongest negative correlation is between conceptual questions and writing requests, r = -0.52. This
means that students who focus on conceptual questions which means having behavior for promoting
autonomy do not focus on writing questions which undermine autonomy.

5.3. Principal Component Analysis of AI Behavior Rates
To address the multicollinearity among behavior rates identified earlier, we conducted PCA. The first two
components explained 45.5% of total variance. Table 4 shows the PCA loadings of the PC1 and PC2:
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Table 4
PCA Loadings for the First Two Components

Behavior PC1 PC2

Conceptual questions rate 0.424 0.586

Contextual questions rate 0.481 −0.124

Editing request rate −0.119 −0.108

Off topic rate 0.201 −0.317

Provide context rate −0.003 −0.616

Verification rate 0.144 −0.368

Writing request rate −0.717 0.121

Misc_rate was excluded due to low frequency (0.2%). Off-topic rate was not central to our interpretation.
The loadings reveal two distinct behavioral aspects. First, PC1 accounts for 25.2% of the variance. It
contrasts high writing requests (negative loading: −0.72) with high conceptual questions (+ 0.42) and
contextual questions (+ 0.48). This dimension reflects a contrast between writing request behavior and
question-based interaction, which we label Cognitive Autonomy. Second, PC2 accounts for 20.2% of the
variance. It contrasts high conceptual questions (positive loading: +0.59) with high “provide context”
(negative loading: −0.62). This reflects a dimension ranging from deep conceptual engagement to more
superficial contextual framing, which we label Problem Framing Quality.

Although PC3 had an eigenvalue higher than 1, PC3 was mostly loaded with editing requests, + 0.77,
mixed with noise (off topic: −0.56). The other components have more fragmented loadings without clear
patterns. Therefore, we selected only PC1 and PC2.

5.4. Overall Regression Models Predicting AI-Prohibited
Exam Performance
Three models were compared to determine whether behavior patterns provide additional insight beyond
overall AI usage (total turns) (Table 5).
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Table 5
Comparison of Overall Regression Models

Model R² /
Pseudo-R²

AIC Key Predictors
(β, p)

1. Baseline (OLS): no_llm ~ total_turns 0.017 −208.50 total_turns: 0.0001
(.175)

2. PCA-Based OLS: no_llm ~ PC1 + PC2
+ total_turns

0.13 −217.93 PC1: −0.011 (.023)

PC2: 0.019 (< .001)

3. PCA-Based Beta Regression: no_llm_adj ~ PC1 
+ PC2 + total_turns

0.14 −246.50 PC1: −0.110 (.026)

PC2: 0.191 (< .001)

Note: Beta regression used boundary-adjusted scores (no_llm_adj).

The PCA-based beta regression fit the data best. It produced pseudo-R2 = 0.140 and the lowest AIC. This
result shows that patterns of AI behavior explain more variance than usage volume alone, which
supports H2. Behavioral research often treats pseudo-R2 values between 0.10 and 0.20 as a meaningful
improvement over a null model. However, it also means that there are other factors affecting student
performance but were not included in this study.

5.5. Ablation Test: CAI Components vs. Composite Index
To test whether the composite CAI score works as a useful measure, we examined an ablation model:
no_llm ~ pos_rate + neg_rate + total_turns.

This model's pseudo-R² of 0.138 is quite close to the PCA-based model's value of 0.140. Notably,
pos_rate (β = 0.305, p = .012) and neg_rate (β = −0.218, p = .042) were both significant and in expected
directions, even though the composite CAI score (pos_rate − neg_rate) showed weak, non-significant
bivariate correlations with exam performance (Table 3). This suggests that while the individual
components of CAI capture meaningful variance, aggregating them into a single score may obscure
rather than clarify the relationship with learning outcomes.

5.6. Phase-Dependent Regression Results
Separate beta regression models were estimated for each exam phase (Table 6). Effects are expressed
as log‑odds (β) and as odds ratios (OR) for a 0.10 increase in behavior rate, where OR > 1 indicates
higher odds of exam success and OR < 1 indicates lower odds. These are also converted to predicted
probability changes for easier interpretation.
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Table 6
Phase-Dependent Beta Regression Results

Phase Exam Predictor β (SE) p-value OR
(0.10
Δ)

Prob.
Change
(0.10 Δ)

Pseudo-
R²

Early e1 Conceptual
Questions

1.643
(0.407)

< .001*** 1.18x 10.80% 0.147

    Writing
Requests

1.206
(0.335)

< .001*** 1.13x 8.00%

Mid e2 Contextual
Questions

−1.152
(0.668)

.085† 0.89x −10.6% 0.023

Late e3 Provide
Context

−1.662
(0.562)

.003** 0.85x −15.9% 0.056

Note: SE = Standard Error of the beta coefficient (β), Prob. Change = approximate change in predicted
exam probability; † p < .10, ** p < .01, *** p < .001.

5.6.1. Interpretation of Phase-Dependent Effects
For early phase (e1), conceptual questions showed a strong positive association. A 0.10 rise in the
number of conceptual questions indicated a 10.8% rise in the odds of having better test performance. An
OR of 1.18 means that a 0.10 increase in this rate is connected to an 18% higher chance of doing better
on the test. Writing requests also showed a positive association. For mid Phase (e2), the initial model
showed a negative association between contextual questions and exam performance (β = -1.152, p =
.085). However, further investigation showed one influential case: student #57, who scored 0 on Exam 2
and had the highest contextual question rate. When this outlier was removed, the effect disappeared
completely (β = 0.024, p = .972, pseudo-R² = 0.000). This indicates no reliable relationship between
contextual questioning and mid-phase performance. For late Phase (e3), “provide context” behaviors
were negatively associated with exam performance. A rise of 0.10 in this rate meant that the chance of
passing the exam would go down by 15.9%. This pattern matches with using AI to complete
assignments rather than learn from them.

These results partially support H3. The relationships between the AI interaction patterns and test
performance change across phases. Early and late phases showed the predicted patterns: students who
asked more conceptual questions generally performed better on the exam, whereas students who
mainly provided context without further analysis tended to perform worse. However, the effect of
contextual questions during the middle phase disappeared after removing outliers. Further investigation
identified student #57 as an influential case in the mid-phase model. This observation illustrates how
extreme values can affect model estimates and suggests that the mid-phase result does not reflect a
general pattern.

5.6.2. Effect Size Interpretation
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The magnitude of phase-dependent effects also warrants attention. Early conceptual questions exhibit a
strong positive association with performance (β = 1.643), corresponding to an odds ratio of
approximately 1.18 for each 0.10 increase in the rate of conceptual questions. In contrast, late-stage
provide-context requests show a substantial negative relationship (β = −1.662), with an odds ratio of
approximately 0.85 per 0.10 increase. Mid-phase contextual questions, however, do not exhibit a
consistent effect across the population.

These effects are important for education, even though the pseudo-R² values are low. This is because
they show that the chances of doing well on the exam change by 8–16% for every 10% change in
behavior in the early and late phases. However, contextual questions in the mid-phase showed no
consistent relationship with exam performance.

5.7. Robustness Checks
Table 7 shows that the direction of effects was uniform across both OLS and beta regression for every
predictor. In other words, early conceptual and writing requests were positive in both, mid contextual and
late “provide context” were negative in both. Statistical significance was stable for three out of four
predictors. For mid-phase contextual questions, the negative effects were mainly influenced by a single
outlier (student #57).

Table 7
Comparison of OLS and Beta Regression Coefficients

Phase Predictor β
(OLS)

p (OLS) β
(Beta)

p (Beta) Dir.
Consist?

Sig.
Consist?

Early Conceptual 0.245 < .001 1.643 < .001 Yes Yes

Early Writing 0.177 0.001 1.206 < .001 Yes Yes

Mid Contextual −0.249 0.004 −1.152 0.085 Yes No

Late Provide
Context

−0.164 0.031 −1.662 0.003 Yes Yes

*Note: The mid-phase significance inconsistency is explained by a single outlier (student #57).

Both CAI variants showed weak negative correlations with exam performance across phases (Table 8).
CAI is a net score, not individual behaviors (CAI = pos_rate − neg_rate). If a student asks many
conceptual questions (positive) but also makes many writing requests (negative), their CAI could be near
zero or even negative. The correlation captures the net relationship, not the effect of individual
behaviors. The contradiction comes from phase-specific dynamics. Behaviors considered autonomy-
undermining in CAI, such as writing requests, showed benefits in the early phase. The same behaviors
helped in some phases but not others. For example, writing requests were positively associated with
early-phase performance but not later performance. Even "good" behaviors (conceptual questions) may
not help equally in all phases. When aggregated into a single composite score, these opposing phase-
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level patterns offset one another, giving the false impression that autonomy-related behaviors hurt
performance. A single score like CAI can't capture the full picture. Understanding AI's impact means
looking at which behaviors students use and when.

Table 8
Correlations of CAI Variants with Exam Performance by Phase
CAI Variant e1 e2 e3 no_llm

CAI-A (Conservative) −0.067 −0.127 −0.064 −0.109

CAI-B (Stricter) −0.023 −0.078 −0.005 −0.047

Initial VIF results for the raw behavior rates showed significant multicollinearity. Two predictors went
above the usual limit of 5. The VIF for writing request rate was 8.70, and for conceptual questions rate
was 6.37. To solve the problem, PCA reduced multicollinearity to acceptable levels. All of the VIF values
were less than 2: PC1 (1.06), PC2 (1.01), and total_turns (1.07). The decision to retain the initial two
components was based on scree plot data (Fig. 2) and their interpretability. As mentioned before, we can
say that PC1 stands for Cognitive Autonomy, and PC2 stands for Problem-Framing Quality.

6. Discussion
H1 was supported. H2 received partial support. H3 was partially supported. We found that usage volume
alone poorly predicted AI-prohibited exam performance, supporting H1. The CAI metric showed limited
overall predictive strength (pseudo-R² = 0.138), partially supporting H2. Its weak overall correlations with
exam performance (CAI-A: r = − 0.109; CAI-B: r = − 0.047) suggest that aggregating AI interaction
behaviors into a single autonomy score may obscure important phase-specific relationships between AI
use and academic performance. Moreover, PCA-based models explained more variance than usage
volume alone (pseudo-R² = 0.140). Critically, phase-specific analyses supported H3: Early conceptual
inquiry was strongly associated with higher exam performance. Mid‑course contextual questioning
showed an initial negative association that was not robust to outlier removal; after excluding the outlier
case, no general relationship remained. Late-stage provide-context behaviors were negatively associated
with exam performance. Results remained consistent across different statistical approaches (OLS vs.
beta regression) and CAI definitions (conservative CAI-A vs. stricter CAI-B). Notably, CAI-B correctly
classifies 'provide context' as negative, while CAI-A does not.

The overall model fit, which is a pseudo-R2 value of 0.140, is not very high. This level is typical in
behavioral research since exam results are influenced by numerous unquantified variables, including
desire, prior knowledge, and the quality of instruction. Even so, the phase-specific effects are practically
meaningful. A 0.10 rise in early conceptual questioning forecasts a 10.8% increase in exam success
likelihood. A 0.10 increase in late “provide context” predicts a 15.9% lower chance of passing the exam.
These effects were not uniform across the learning process. In the early and late phases, the
relationships were stable and aligned with the expected pattern. This suggests that the impact of AI
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interaction patterns depends on the stage of learning. These results suggest that the frequency of AI use
has a limited relationship with educational outcomes. There was only a weak association between total
turns and test scores (r = .130, p = .175). These findings are consistent with recent research in where the
educational impact of generative AI is determined by the quality of learner engagement [31]. On the other
hand, behavior impacts that were specific to each phase were important. This outcome is consistent
with depth-of-processing theory [32]. CAI translates ideas about self-regulated learning into patterns of
conversation that can be measured.

Educators should employ tactics that are specific to each phase.

Early Course (Weeks 1–5): Use organized prompts to get students to think about concepts. For
example, ask ChatGPT to explain the 'why' behind a concept. This pattern was associated with
stronger foundational exam performance. Writing requests were associated to greater performance
on early tests. This trend shows that giving students little aid at the beginning can help them get
started. In later stages, however, heavy reliance on AI-generated solutions may reduce opportunities
for independent problem-solving practice.

Mid-Course (Weeks 6–10): Generally, mid-course contextual questions were found not to have any
reliable association with exam performance. The effect of such questions during skill consolidation
is not clear, possibly because there are other factors (e.g., prior knowledge, motivation) that are
more important and not considered in our models.

Late Course (Weeks 11–15): Educators should not let students dump text from their assignments.
Design assessments that require synthesis rather than reproduction. This reduces the incentive for
passive outsourcing.

AI tutoring systems could adapt prompts based on course phase (concept-focused early, synthesis-
focused late).

7. Conclusion and future work
This study examines a quality-driven framework for AI integration in education. By moving beyond how
often students use AI to assess how they engage with it, we offer educators practical insights. When
students use AI matters as much as how they use it. Asking AI for code examples helped students early
in the course but would likely hurt later on, when independent problem-solving matters more. The CAI
provides a useful way to talk about these interactions, but trying to capture everything in one score hides
these important differences. This pattern suggests that what is associated with early learning may, in
some cases, be negatively associated with later learning. Educators should therefore focus on whether
students' AI use fits where they are in the course.

In this study, some limitations warrant consideration. Unobserved confounders (prior knowledge,
motivation) may influence both AI behaviors and exam performance. While our models explain 14% of
the variance in outcomes, the majority of variance remains unexplained, and causal claims would be
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premature. Another limitation is that this sample is from a course on AI. In this situation, students may
be more skilled or more motivated to use AI than students in other areas. It needs to be able to replicate
this work in fields like the humanities and the natural sciences. Moreover, the hierarchical dialogue-act
labels have been checked, but there is still a chance of labeling noise. This risk is greater for unclear
categories like “provide context”. Another limitation is that AI-prohibited exams may not fully capture the
types of learning fostered by AI collaboration. Future studies should include both independent and
collaborative assessments. Sample selection bias may also have affected our results. The analytic
sample includes 110 students, about 54% of the original StudyChat cohort. Participation required
consent to share interaction and assessment data, which may introduce self-selection bias if consenting
students differ in engagement, performance, or attitudes toward AI.

Future studies could address this limitation using experimental designs that randomly assign students
to different AI-use conditions. Future research could also monitor CAI scores across different courses,
educational systems, and cultural settings to determine whether our findings generalize to other
contexts. Future work could analyze how students write their prompts, such as sentence complexity or
emotional tone, to better understand their thinking.
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AI Artificial Intelligence

GenAI / GAI Generative AI

LLM Large Language Model

CAI Cognitive Autonomy Index

CAI-A CAI, Conservative variant

CAI-B CAI, Stricter variant

POS Autonomy-supportive (positive) behaviors

NEG Autonomy-undermining (negative) behaviors

ICAP Interactive, Constructive, Active, Passive (framework)

CHAT-ACTS Pedagogical chatbot framework (cited framework name)

PCA Principal Component Analysis

PC1 / PC2 / PC3 Principal Component 1 / 2 / 3

OLS Ordinary Least Squares

AIC Akaike Information Criterion

R² / pseudo-R² Coefficient of determination / pseudo coefficient of determination

VIF Variance Inflation Factor

SRL Self-Regulated Learning

SD Standard Deviation

SE Standard Error

OR Odds Ratio

RQ1–RQ4 Research Question 1–4

H1 / H2 / H3 Hypothesis 1 / 2 / 3

e1, e2, e3 Exam 1, 2, 3 (AI-prohibited)

a1–a7 Assignments 1–7 (AI-allowed)

no_llm / llm Mean of AI-prohibited exams / mean of AI-allowed assignments

CSV Comma-Separated Values

JSONL (.jsonl) JSON Lines

UK United Kingdom

ε (epsilon) Boundary-adjustment constant (0.001)
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β Beta coefficient (log-odds)
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Figure 3
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