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Abstract. The integration of generative artificial intelligence (GenAl) tools into higher edu-
cation presents both opportunities and challenges, particularly in assessment contexts. This
study investigates the impact of GenAl usage on student performance in a graduate-level
time series analysis course, focusing on multiple choice exams. Through a controlled exper-
iment involving two student cohorts, each having access to GenAl tools during one of two
midterms, we analyze performance outcomes and engagement behaviors using multimodal
screen recordings. Statistical analyses reveal that GenAl access correlates with improved
scores but only when students are adequately prepared to use the tools effectively. Frequent
or prolonged GenAlI usage alone did not predict better outcomes, highlighting the impor-
tance of Al literacy. Additionally, traditional course materials remained strong predictors of
performance across both cohorts. These findings suggest that GenAl can enhance learning
when integrated thoughtfully and accompanied by instructional support. The study contri-
butes to the evolving discourse on Al in education by offering empirical insights into its role
in assessments and proposing implications for instructional design and policy.
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1. Introduction

The rapid technological progress and widespread adop-
tion of generative artificial intelligence (GenAl) tools
have introduced both promising opportunities and nota-
ble challenges in higher education. GenAl tools offer per-
sonalized learning experiences, enhance productivity,
and support academic skill development, from writing
and translation to creative ideation and problem-solving
(Chan and Hu 2023, Aldulaijan and Almalki 2025). How-
ever, their integration into educational settings also
raises concerns about ethical use, overreliance, and the
potential erosion of foundational skills (Gruenhagen et al.
2024, Kim et al. 2025). As education institutions address
challenges in how to best incorporate these technologies,
it becomes increasingly important to understand not
only their benefits, but also their limitations.

Multiple streams of research have explored GenAl’s
role in teaching, learning, and assessment design
(Goel and Joyner 2017, Bucchiarone et al. 2024, Moze-
lius 2024, Khlaif et al. 2025, Sohail et al. 2025), and in
the support of student learning through personalized

feedback and guidance (Wu and Yu 2024). Many stud-
ies to date have focused on surveys and qualitative
methods to examine student and teacher perceptions
and usage behaviors (Zhao et al. 2024). These studies
have identified different usage styles, such as treating
GenAl as an intellectual partner versus using it as an
information browser (Aldulaijan and Almalki 2025),
and have highlighted both enthusiasm and apprehen-
sion among students and faculty. Other approaches
have focused at a higher level: on the collaborations
required between teachers and GenAl specialists (and
sometimes policymakers as well: Otundo 2025) and on
ethics and policy in implementation (Kiling 2024,
Ogunleye et al. 2024, Nguyen et al. 2025). However,
few studies have directly observed students during
assessments, especially in rigorous, technical graduate-
level courses. This gap limits our understanding of
how GenAl tools influence actual performance in aca-
demic settings.

Despite growing adoption, the integration of GenAl
into formal assessments remains contentious. Avidov
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et al. (2025) observe that GenAl tools can push toward
standardization rather than flexibility and openness
when used in situational judgment tests. Some scho-
lars have even proposed that Al could discourage the
use of multiple choice assessments by enabling sys-
tems that require students to explain their reasoning
(Klymkowsky and Cooper 2024). Written assignments
also are not Al-proof; Combrinck and Loubser (2025)
suggest using self-reflection in conjunction with an Al
detector when giving written assessments. Studies
have shown that students often do not perceive GenAl-
assisted work as a breach of academic integrity (Gruen-
hagen et al. 2024), that faculty and students alike
express mixed attitudes toward its impact on learning
competencies (Kim et al. 2025), and that it can nega-
tively impact student/teacher trust (Luo 2025). More-
over, the lack of consistent institutional policies and
guidance has led to confusion and uneven implementa-
tion across courses (Johnston et al. 2024, Stritto et al
2024). On the other hand, Farrokhnia et al. (2025) sug-
gest that GenAl can enhance the quality of assess-
ments, and Perkins et al. (2023) suggest a framework
for ethical inclusion of GenAl in assessments.

The use of GenAl in learning and assessment has
been studied in general (Farrokhnia et al. 2025), in
non-STEM areas (Law 2024), and at the K-12 level
(Tang et al. 2024). However, except for a preliminary
study involving undergraduates (Pesovski et al. 2024),
there has been limited research targeted at whether Al
can directly assist students during assessments. Build-
ing on this prior work, additional research should
explore how students themselves interact with GenAl
tools during assessments in graduate-level courses.
Research by Nikolic et al. (2024) is an exception, testing
multiple GenAls on assessments from 10 engineering
subjects, but that study focused on the GenAls’ capa-
bility and the ethical implications rather than on the
effect of GenAl on student usage; Luo (2024) dealt
with the issue of whether GenAl-assisted student
work is their original work.

This paper addresses that gap by presenting find-
ings from a controlled experiment in a graduate-level
data analysis course, where students were allowed to
use GenAl tools during one of two midterm multiple
choice exams. By analyzing both performance outcomes
and engagement behaviors, captured through multi-
modal screen recordings, we assess whether access to
GenAl tools correlates with improved scores and identify
the conditions under which it may be most beneficial.

Our study builds on recent work by Xiao et al.
(2025), which demonstrated that access to advanced
GenAl tools led to significant performance gains in
graduate bioprocess engineering exams. Their findings
showed that students with GenAl support improved
scores by an average of 36%, with even greater benefits
observed among students with disabilities and those

lacking domain-specific backgrounds. Importantly, the
study emphasized that GenAl usage requires practice
and literacy: Students who learned to formulate effective
prompts and critically evaluate Al-generated responses
performed better over time.

Informed by these insights, our study not only eval-
uates the impact of GenAl on exam performance but
also explores how students engage with GenAl tools
during assessments. Similar to Xiao et al. (2025), we
find that GenAl's effectiveness depends not only on
its capabilities but also on students’ preparedness and
strategic use. Our findings contribute to the evolving
discourse on GenAl in education by offering empirical
evidence from a real-world classroom setting and
by proposing implications for instructional design,
assessment practices, and Al literacy development.

2. Experimental Design and Data

Collection
In this section, we describe the setting, experimental
design, and data collected from an asynchronous grad-
uate course at the Georgia Institute of Technology. The
objective of the experiment was to observe how stu-
dents use GenAl tools for assistance during an exam
and how such use relates to exam performance.

2.1. Course and Exam Description

The course selected for this study is a graduate course
titled Time Series Analysis. This graduate-level course
is part of the Masters of Analytics (online and on-cam-
pus) and attracts students from diverse quantitative
backgrounds, including engineering, computer science,
and applied statistics. The learning outcomes emphasize
both conceptual understanding and practical implemen-
tation of time series analysis. By the end of the course,
students are expected to (i) identify and formulate time
series modeling problems, (ii) select appropriate time
series models, (iii) implement these models using R and
Python, and (iv) interpret results in the context of fore-
casting and diagnostics. Instruction combines theoretical
foundations with hands-on data analysis, preparing stu-
dents to rigorously evaluate model assumptions and
performance. Although the course is statistically inten-
sive, it is designed for students with prior exposure to
regression and programming rather than domain-
specific cohorts such as nursing or finance. This diver-
sity in student backgrounds is reflected in the inclusion
of degree program as a covariate in the regression mod-
els later in the paper.

The class included 112 students taught by a single
instructor, which we acknowledge may introduce
confounding effects and limit independence among
observations. Although these factors constrain gener-
alizability, they reflect a realistic classroom setting
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and provide valuable insights into GenAl integration
in technical graduate courses.

The first author of this paper was the instructor for
the course in which the study was conducted. She has
taught this course for many years, consistently refining
its structure and content to align with evolving peda-
gogical practices and technological advancements. This
experience provided a strong foundation for imple-
menting and evaluating the controlled crossover exper-
imental design described in the study.

In this experiment, students completed two proctored
multiple choice midterm exams, with some questions
allowing more than one correct answer and several
items based on the interpretation of sample data analysis
outputs. Exams were administered under a set of guide-
lines described in the syllabus and detailed in Online
Appendix A.1. (The full exam questions are provided in
Online Appendix A.2 and Online Appendix A.3.) The
exam guidelines emphasized Al assistance rather than
Al reliance. Students in GenAl-permitted conditions
could consult GenAl tools but were expected to critically
review any Al-generated output and remained fully
responsible for errors arising from its use. To discourage
submitting Al-generated responses without meaningful
student input, copy-and-paste functionality was dis-
abled for all students. For students in the cohort not
allowed to use GenAl 2.2, any use of GenAl or other
external tools beyond the official course materials was
considered an honor code violation.

2.2. Experimental Design

Participants in this study were students registered for
an asynchronous course (Time Series Analysis course)
in Spring 2025. The students came from different
degree programs, including the Master of Science in
Analytics degree online (OMSA) and in-person (MSA
Atlanta), the Online Master of Science in Computer
Science (OMSCS), and other Masters programs. The
largest cohort was from the OMSA program. This
study has been approved by the Institutional Review
Board (No. IRB2025-763).

Before the first midterm, all students completed a
pre-experiment survey on their previous experience
with GenAl tools and their perceptions of the use of
GenAl The survey questions are provided in Online
Appendix B.1 along with some summary statistics.

We employed a crossover design with two cohorts.
Each student took both multiple choice midterm
exams under standard testing conditions (Online
Appendix A.1), but access to GenAl tools varied by
cohort and exam:

Cohort 1: allowed to use GenAl tools during Mid-
term 1, but not during Midterm 2.

Cohort 2: allowed to use GenAl tools during Mid-
term 2, but not during Midterm 1.

Thus, every student had the opportunity to use
GenAl tools on exactly one of the two midterms, and
each exam included both a GenAl-permitted group
and a GenAl-restricted control group. In all condi-
tions, students could access non-GenAl resources
such as course materials and personal notes, ensuring
that GenAl was not the only source of support.

The assignment of students to cohorts was conducted
using weighted random assignment, with weights based
on students” degree programs, to preserve the distribu-
tion of the four degree programs across both cohorts.

2.3. Engagement Factors

In this study, we captured a variety of student test-
taking indicators and behaviors to help us understand
whether and how they used GenAl and whether it was
helpful. The data we collected for each student (Table
1) include the tools used (if any), what the student was
primarily looking at on the screen, the timing of the
student’s progress through the exam, the number of
times the student used each type of resource (GenAl or
non-GenAl resources), and the student’s score on each
question. This approach allows us to consider the
decision-making process as shown on screen, offering
insight into how students engage with the available
resources rather than looking only at the outcomes. In
the education literature, this would be classified as a
social semiotic multimodal analysis using the visual, spa-
tial and temporal modes (Ho 2021).

2.4. Data Collection
The exams were proctored using the Honorlock proctor-
ing tool (O’'Brien 2020) embedded within the Canvas
learning management system (Instructure 2025). Stu-
dents” activity during the entire exam was thus video
recorded, allowing us to learn about how students used
resources during the exam. Both multiple choice exami-
nations were fully recorded for each student using the
Honorlock proctoring system (Honorlock 2025). This
system captured detailed screen activity, including cur-
sor movements, application usage, browser interactions,
as well as webcam video and audio. These recordings
provided rich behavioral data on how students inter-
acted with exam questions and accessed both course
materials and external resources, including GenAl tools.

The specific data in Table 1 were collected by human
encoding of screen recordings captured by Honorlock.
Three trained coders independently reviewed all screen
recordings and applied the coding scheme using a stan-
dardized rubric. Any disagreements were discussed
and resolved through collaborative review sessions,
which helped ensure consistency and coding reliability.
The videos were visualized at a 2X speed for faster com-
pletion when possible.

We also discretized the time-based factors. This
discretization was motivated by both modeling and
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Table 1. Data Collected Per Student Per Question and Per Midterm

Variable Explanation

Codes

Was GenAl Used?
during the test
GenAlI Tools Used

Screen Composition
each question
Time Spent on Question

Time-Based Engagement Timing of answer submission

External Resource Usage
other external tools
Course Resource Usage
course materials or personal notes
Manner of GenAl usage
a question

Score Points awarded for each question
Correctness

Whether the student engaged with a GenAl tool
Specific GenAl tool(s) used by the student
Primary window on a student’s screen during

How long the student spent answering

How many times a student consulted GenAlI or

How many times a student referred to official

Manner in which GenAl was used to respond to

Whether question was answered correctly

Yes, No

BERT, ChatGPT, Claude, Co-Pilot, DeepSeek,
Gemini, Grammarly, None

Canvas, GenAl Tool, Local Files/Notes, Stack
Overflow, Test Interface, Other

<10 sec, 10 sec—1 min, 1-3 min, >3 min

Fast completion, long pauses before answering,
frequent rewrites, multiple attempts, even
response-time distribution

0 times, 1-3 times, >3 times

0 times, 1-3 times, >3 times

Asked problem verbatim, Reworded problem,
General concept explanation, Asked clarifying
questions, Not applicable

0-3

Correct, Not Correct

interpretability considerations. First, this approach cap-
tures nonlinear effects without strong parametric
assumptions. Discretization provided a parsimonious
way to approximate these nonlinearities without using
a nonlinear form or without overfitting with high-order
polynomials. Second, discretization also addresses
robustness to heavy tails. For example, time-based mea-
sures are often right-skewed and thus more robust to
extreme values. Last, it can improve interpretability
and reporting. Prespecified, semantically meaningful
ranges (e.g., “<1 minute,” “1-3 minutes,” “>3 min-
utes”) yield immediately interpretable contrasts. These
categories might align with decision thresholds instruc-
tors actually use (e.g., short versus long engagement).

3. Research Hypothesis and Methods

In this section, we present the statistical learning
approaches for assessing a series of hypotheses on the
students’” performance in the two exams, contrasting
the students with and without access to GenAl tools.

3.1. Research Hypothesis

We distinguish between two complementary sets of
analyses: one focusing on overall exam performance
and the other on the factors associated with the cor-
rectness of individual exam question responses.

The first analysis examines students’ overall perfor-
mance on midterm exams, with particular attention to
whether they had access to and utilized GenAlI tools.
The primary hypothesis is that access to GenAl tools
during the exam does not lead to a statistically significant
improvement in students’ overall performance. More spe-
cifically, we hypothesize the following.

1. GenAl use may help students avoid very low scores;
and

2. GenAl use may hinder students from achieving the
highest scores.

The second analysis leverages engagement data
derived from Honorlock video recordings of the exam
sessions. This analysis investigates whether patterns
of resource use, particularly the frequency and inten-
sity of GenAl or other tool usage, are associated with
the correctness of students’ responses to individual
exam questions. The primary hypothesis here is that
the correctness of exam responses is not significantly associ-
ated with the extensive or frequent use of GenAl or other
external resources.

3.2. Statistical Learning Methods

The students in the course were divided into two
cohorts: Cohort 1 had access to GenAl on the first
midterm, but not the second, and Cohort 2 had access
to GenAl on the second midterm, but not the first. The
cohorts were initially of the same size, but because not
every student completed the course, the Cohort 1 data
set has 53 students and the Cohort 2 data set has 59
students. The two midterms had 26 and 25 questions,
respectively.

3.2.1. Cohort-Level Performance Comparison. The
first, simplest analysis is a comparison of the grades
of the two cohorts separately on each midterm. For
robustness, we compare the median of the grades
between the two cohorts using a Mann-Whitney U
test, with the null hypothesis being that the median
grade of Cohort 1 is equal to the median grade of
Cohort 2 on each midterm. We also used bootstrap
sampling to obtain empirical distributions of the first
and third quartiles and again apply a Mann-Whitney
U test to compare these quantiles of the two cohorts.
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Because each student also took one midterm exam
with GenAl tools and one without, we also use a
paired Wilcoxon test to compare each student’s per-
formance with and without GenAl. (The midterm
grades are scaled before doing this test, because the
two midterms’ score distributions might be different.)
For each cohort, the null hypothesis is that the median
score on Midterm 1 is equal to the median score on
Midterm 2. We keep the two cohorts separate for this
analysis in case there is a learning effect (e.g., after
learning about Cohort 1 students’ experience using
GenAl on Midterm 1 and practicing with such tools,
Cohort 2 students might have prepared differently for
their GenAlI usage on Midterm 2).

3.2.2. Student-Level Performance Analysis. To ana-
lyze student performance, we use a regression approach.
For each student and each midterm, the response is the
student’s midterm grade, and the predictors are the
aggregated engagement factors (summed over all ques-
tions). The modeling approach includes traditional
multiple regression models with regularized model
selection, as well as gradient boosting machine (GBM)
models. The regression models are applied to evaluate
variable importance in the associates of the engagement
factors to the grades, while the GBM models are applied
to demonstrate prediction accuracy. In this analysis, we
control for two factors: each student’s registration sec-
tion (i.e., each student’s degree program) and each stu-
dent’s prior experience with GenAl as captured by
intake questions “Have you ever used Al tools at work,
in your studies, or in your personal life to automate
tasks or improve productivity?” and “What is the pri-
mary purpose of using generative Al tools in crea-
tive tasks?”

3.2.3. Question-Level Analysis. We perform a more
granular analysis using the detailed question-level
data. For each student and each midterm and each
question, we use the binary indicator (whether the
student answered the question correctly or not) as the
response, and we use the same engagement factors as
in the student-level analysis but (where applicable) on
a question-by-question basis. Because the engagement
factors capture similar aspects of GenAl usage, there
will be multicollinearity; to address that multicollinar-
ity, we employ regularized approaches for variable
selection. Similar to the student-level analysis, we also
use GBM models to evaluate the consistency in results
across different modeling approaches. We control for
two factors in this analysis: each student’s overall per-
formance in the course (represented by the student’s
overall course grade) and the difficulty of each ques-
tion (measured by the aggregate grade on each ques-
tion among the cohort without access to GenAl tools).

4. Summary of the Results
In this section, we present the results from the detailed
statistical modeling described in Section 3.2.

4.1. Student Cohorts

The distribution of students in the two cohorts is not
equal; we have complete data for 53 students in
Cohort 1 and 59 students in Cohort 2. The distribution
of students over the four different programs and the
prior exposure to Al use are similar between the two
cohorts, as shown in Figures B.1 and B.2 in Online
Appendix 6.

Our first analysis compares the distribution of the
scores between the GenAl and non-GenAlI cohorts in
both midterm exams. Figure 1 presents a comparison
of the participants” midterm grades for the GenAl and
non-GenAl cohorts on the two exams. The two plots
on the left show the distributions for Midterm 1,
where both groups appear to follow a roughly normal
distribution centered around the 30-35 range, with
the non-GenAl group showing slightly higher overall
counts at the upper end. In contrast, the two right
plots for Midterm 2 show overall improvement. Nota-
bly, the GenAl group shows a more uniform increase,
whereas the non-GenAl group has a sharper concen-
tration near the maximum score, suggesting a stron-
ger performance skew.

We applied the paired Wilcoxon test to evaluate
whether students have performed significantly better
on the exams in which they were allowed to use
GenAl tools. The test is applied separately to each of
the two cohorts comparing the grades between Mid-
term 1 and Midterm 2 and we applied the test with
and without scaling the scores within each midterm to
account for differences within each exam. The p-
values are all very small (smaller than 0.005), indicat-
ing significant differences. However, the direction of
the difference is the same for both cohorts, indicating
better grades for students in Midterm 2. Thus, the use
of GenAl tools does not significantly impact the score
of each individual student compared between the two
midterms.

4.2. Student-Level Performance Analysis
Applying the Mann-Whitney U test to compare the
medians of the score between the GenAl and non-
GenAl cohorts, we find that the p-value for Midterm 1
is 0.25 and for Midterm 2 is 0.02, indicating that the
medians are similar in Midterm 1 but not in Midterm
2; in the second midterm, the GenAl cohort had a sig-
nificantly higher median score than the non-GenAl
cohort.

We also apply the bootstrap approach to generate
empirical distributions for the first and third quartiles
of the midterm scores and then estimate the confidence
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Figure 1. Exam Scores
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Notes. (Left) GenAl vs. non-GenAlI for Midterm 1. (Right) GenAl vs. non-GenAlI for Midterm 2.

intervals (Cls) based on the bootstrap samples as pro-
vided in Table 2. When comparing the CIs of the first
quartile, they overlap for Midterm 1, but do not over-
lap for Midterm 2, with the values in the CI of the first
quartiles of the scores for the GenAl being higher than
for NonGen Al cohort. Similar results are noted for the
third quartile. Thus, overall, the lower and upper tails
of the scores are different for Midterm 2 but not for
Midterm 1, with the scores being consistently higher
for the GenAl cohort in Midterm 2.

Last, we consider an association analysis to factors
identified as important in explaining the variability
in students’ performance, where the factors describe
GenAl and other resources used during the exams along
with two controlling factors as described in Section 3.2.

We first evaluate the marginal correlation (see Figure
B.6 in Online Appendix B.6). Based on this analysis, the
students’ grades in Midterm 1 have small marginal
association with most factors (excluding controlling
factors). The exceptions for the GenAl cohort are fre-
quent use of the course material (negative correlation)
and frequent rewrites, and the exceptions for the Non-
GenAl cohort are occasional use of course material, fre-
quent rewrites, and spending between one and three

minutes of time (all with negative correlations). For
Midterm 2, there are additional high correlations with
the students’ grades, including the use of CoPilot and
long pauses for the GenAl cohort, and spending less
than one minute (only positive correlation) and long
pauses for the non-GenAlI cohort.

To evaluate how all factors conditionally explain
the variability in the students’ grades, we also develop
multiple linear regression models applied separately
to the GenAl and non-GenAlI cohorts and for the two
midterms. The full model (including all predicting fac-
tors) of the GenAl cohort shows no statistical signifi-
cance for Midterm 1 and only statistical significance
for frequent use of the course materials, long pauses,
and the purpose of Al prior use for Midterm 2. How-
ever, the GenAl models, although good fit, also show
multicollinearity. The full model of the non-GenAl
cohort shows statistical significance for Al prior use
under Midterm 1 and both spending under one minute
and frequent rewrites for Midterm 2. The multicoli-
nearity is less of a concern for the non-GenAl models.

Because of the limited statistical significance in the
full models and to address multicollinearity, we fur-
ther perform variable selection using two classic but

Table 2. Confidence Intervals for First and Third Quartiles of the Midterm Scores

Midterm 1 Midterm 2
Quartile GenAl Non-GenAl GenAl Non-GenAl
First quartile [62.3, 71.7] [58.5, 70.0] [61.9, 71.4] [64.0, 75.0]
Third quartile [77.7, 88.1] [75.6, 82.9] [87.1, 95.9] [89.4, 93.3]
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effective approaches: stepwise regression and lasso
regularized regression. The results from variable selec-
tion are provided in Table 3. Consistently across all
models, both the use of course materials and the stu-
dent’s degree program are statistically significantly
associated with the midterm grades. Frequent rewrites,
time to respond, long pauses, and multiple attempts
also were shown to be significant for some models.
These factors all point to one aspect of students’ behav-
ior, their challenges to respond to the exam questions,
possibly due to stress or limited knowledge about the
course material.

4.3. Question-Level Analysis
To evaluate how all factors conditionally explain the
variability in the students” ability to respond correctly
or not to each individual question, we develop logistic
regression models applied separately to the GenAl
and Non-GenAl cohorts and to the two midterms.
The statistical significance of the full model (including
all predicting factors) of the GenAl cohort cannot be
evaluated because of multicollinearity for both mid-
terms. The full model of the non-GenAlI cohort shows
statistical significance for the controlling factors, stu-
dent’s overall grade, and question difficulty for both
midterms, as well as for the degree program in Mid-
term 2. The multicollinearity is less of a concern for
the non-GenAl models.

As at the student level, because of the limited statis-
tical significance and multicollinearity in the full
models, we further perform variable selection using

stepwise regression and lasso regularized regression.
The results from variable selection are provided in
Table 4. Consistently across all models, student’s over-
all midterm grade is selected. Question difficulty is
selected for both midterms in the GenAl models but
only selected for Midterm 1 in the non-GenAl models.
Responding fast to questions is also selected across
most models, but not for the Midterm 2 non-GenAl
model. For the non-GenAl cohort, dummy variables
for time spent on questions are also selected for both
midterms along with other factors related to time-
based engagement (e.g., long pauses and multiple
attempts). Last, the degree program is also selected
for some GenAl and non-GenAl models, although not
consistently across the variable selection methods or
across midterms.

5. Discussion

Contrary to our initial hypotheses, the use of GenAl
tools had a measurable overall positive impact on
student performance, particularly evident in GenAl
cohort’s results on the second midterm. Although we
anticipated that GenAl might help lower-performing
students avoid basic errors and potentially hinder
top-performing students on more nuanced questions,
the data revealed a broader positive effect. Specifi-
cally, although there was no significant difference
between the cohorts on Midterm 1, on Midterm 2, stu-
dents in the cohort with access to GenAl demon-
strated significantly higher scores in both the lower

Table 3. Selected Factors for the Regression Models with Individual Student Grades as the Target Variable
Applied to GenAl and Non-GenAI Cohorts and for Both Midterms

Midterm Method Selected variables
Panel A: GenAl: Variable selection results
Midterm 1 Stepwise regression using BIC Frequent use of course material, Degree program
Regularized regression Frequent use of course material, Frequent rewrites, Degree program
Midterm 2 Stepwise regression using BIC Frequent rewrites, Perceived Al purpose, Long pauses
Frequent use of course of course material
Time between 1 and 3 min, Degree program (AIC)
Use of Co-Pilot (AIC)
Regularized regression Use of ChatGPT, Use of Co-Pilot, Frequent use of
course material, Frequent rewrites,
Time between 1 and 3 min, Time more than 3 min
Multiple attempts, Long pauses, prior Al use
Degree program
Panel B: Non-GenAl: Variable selection results
Midterm 1 Stepwise regression (BIC) Al purpose, Occasional use of course material, Time between 1 and
3 min (AIC), Degree program (AIC), Multiple attempts (AIC)
Regularized regression Occasional use of course material, Time between 1 and 3 min,
Frequent rewrites, Al purpose, Degree program
Midterm 2 Stepwise regression (BIC) Frequent rewrites, Time less than 1 min, Time between 1 and 3 min

Regularized regression

(AIC), Occasional and Frequent use of course material (AIC)
Occasional use of course material, Frequent rewrites, Time less than
1 min
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Table 4. Selected Factors for the Regression Models with Question-Level (Binary) Response as the Target
Variable Applied to GenAl and Non-GenAI Cohorts and for Both Midterms

Midterm Method Selected variables
Panel A: GenAl: Variable selection results
Midterm 1 Stepwise regression (BIC) Student grade, Question difficulty, Time-based engagement (fast),
Degree program
Regularized regression Student grade, Question difficulty
Midterm 2 Stepwise regression (BIC) Student grade, Question difficulty, Time-based engagement (fast), Prior
perceived Al use (math)
Regularized regression Student grade, Question difficulty
Panel B: Non-GenAl: Variable selection results
Midterm 1 Stepwise regression (BIC) Student grade, Question difficulty, Time-based engagement (fast)
Regularized regression Student grade, Question difficulty, Time-based Engagement (Fast), No
use of course material, Time less than 1 min, Multiple attempts
Midterm 2 Stepwise regression (BIC) Student grade

Regularized regression

Student grade, No course material usage, Long pauses, Time less than

1 min, Time greater than 3 min), Degree program

and upper quartiles compared with their counterparts
who did not have GenAl access.

From a learning-theoretic perspective, these find-
ings should be interpreted in light of the cognitive
demands of the assessment format. Both midterms in
this study consisted exclusively of multiple choice ques-
tions in a graduate-level time series analysis course.
Although multiple choice questions can be designed at
various levels of complexity, they are most commonly
aligned with lower- to midlevel cognitive processes
such as remembering, understanding, and routine appli-
cation of procedures, corresponding to the lower levels
of Bloom’s taxonomy (Forehand 2010). Consequently,
the performance gains we observe for the GenAl cohort
on the second midterm are best understood as im-
provements in accuracy on these lower-tier cognitive
tasks rather than as direct evidence of enhanced
higher-order skills such as analyzing model assump-
tions, evaluating alternative modeling strategies, or
creating new approaches.

At the same time, GenAl tools are often positioned
as technologies that could support higher-order cogni-
tion by helping students compare alternative solution
paths, critique model outputs, justify modeling choices,
or generate and refine explanations. In our study, how-
ever, the multiple choice format inherently limited stu-
dents” opportunities to externalize such higher-order
reasoning and our outcome measure; correctness on
individual items was not designed to capture deeper
conceptual understanding or critical evaluation. This
mismatch between the theoretical potential of GenAl
to scaffold higher-order thinking and the primarily
lower-order nature of our assessment represents an
important theoretical limitation of the present work.

With this context in mind, it is also important to con-
sider how students approached the exam itself. Several
engagement factors were consistently associated with

exam performance. Indicators such as time spent on
questions, long pauses, multiple attempts, and frequent
rewrites likely reflect cognitive effort, stress, or uncer-
tainty factors, all known to influence test outcomes.
Additionally, students’ degree programs emerged as a
significant predictor of performance, suggesting that
prior domain knowledge and academic background
play a role in how effectively students engage with
course content and assessment formats. Different degree
programs might also have different admissions cutoffs,
which could also lead to differentiated performance.

Interestingly, even for the exam where the cohort
with access to GenAl performed significantly better
than the non-GenAl cohort, frequent or prolonged use
of GenAl tools was not selected as a significant predic-
tor in any of the models. This suggests that simply
accessing or using GenAl tools does not guarantee
improved performance; rather, the effectiveness of
GenAl depends on how strategically and thoughtfully
students engage with it.

A key observation is the difference in performance
between the two cohorts across the two midterms.
Although both cohorts reported similar levels of
GenAl familiarity in the pre-experiment survey, only
Cohort 2 showed a significant performance boost
when using GenAl. This discrepancy can be attributed
to timing and preparation: Cohort 2 had the advan-
tage of learning from Cohort 1’s experience, poten-
tially leading to a more effective use of GenAl tools.
This finding underscores the importance of GenAl lit-
eracy; students must not only have access to these
tools but also understand how to use them effectively
in academic contexts.

The consistent association between course material
usage and exam performance across both cohorts
further reinforces the value of traditional learning
resources. For GenAl to yield similar benefits, students
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must be both proficient in its use and able to critically
evaluate its outputs.

One of the limitations of our study is that, although
we asked students to self-report their Al usage, we did
not directly assess their GenAl skills (e.g., prompting,
evaluation of GenAl output, etc.) before the course
began. It could be that such a question might explain
some or all the difference in Cohort 1’s and Cohort 2’s
performance.

Although the findings of this study provide valu-
able insights into the use of GenAl in multiple choice
examination in a graduate-level time series analysis
course, we acknowledge that they may not directly
generalize to all operations research (OR)/manage-
ment science (MS) courses, particularly introductory
courses, or to undergraduate settings. The specialized
nature of the course and the technical skills required
limit the scope of applicability because using GenAl
tools may struggle to produce accurate responses for
highly specialized or advanced questions, which dis-
courages students from relying on them in such cases.
However, the experimental design and methodological
framework offer a foundation that can be adapted to
other OR/MS courses, particularly those involving
quantitative modeling and computational tools. Impor-
tantly, the implications for instructional design—such
as the need for Al literacy, structured integration of
generative Al tools, and strategies for fostering critical
evaluation of Al outputs—are broadly relevant across
OR/MS curricula. Future research should explore
these principles in diverse OR/MS contexts to assess
their impact on learning outcomes at different levels.

6. Conclusions

This study provides empirical evidence on the impact
of GenAl tools in graduate-level technical courses, spe-
cifically within the context of multiple choice assess-
ments. Our findings suggest that GenAl can enhance
student performance, but its effectiveness is contingent
on students” preparedness and ability to use the tools
strategically.

The observed performance gains in the second mid-
term, where students had more time to prepare and
potentially learn from peers’” GenAl experience, high-
light the importance of GenAl literacy. Simply granting
access to Al tools is not sufficient; students must under-
stand how to engage with these tools critically and effec-
tively. This parallels the use of other academic resources,
such as calculators or reference materials, which require
instruction and practice to be beneficial. Moreover, the
consistent association between course material usage
and performance underscores the continued relevance
of traditional resources, even in Al-enhanced learning
contexts.

A natural next step is to design assessments that
explicitly span different levels of cognitive complexity

and to analyze the impact of GenAl as a function of
that complexity. Assessment items could be classified
using a cognitive taxonomy such as Bloom’s (Fore-
hand 2010) and grouped into lower-level (remember,
understand) and higher-level (analyze, evaluate,
create) categories. Future studies could then test
whether GenAl usage is more strongly associated
with correctness on higher-complexity items than on
lower-complexity items, thereby directly estimating
interaction effects between GenAl access and cogni-
tive demand. In parallel, we are planning a follow-
up study using an open-ended data analysis exam,
which will allow us to examine higher-order aspects
of learning and stress-related behaviors that can trigger
the use of GenAl during cognitively demanding tasks.
Understanding these dynamics will be essential for
designing effective and forward-looking educational
practices in an Al-integrated academic landscape.
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