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Abstract—With rapid advancements in Generative Al
(GenAl), educators have the opportunity to enhance student
engagement and learning through personalized quizzes. Despite
their potential, the adoption of customized learning assessments
remains limited due to challenges in student grouping, difficulty
calibration, and content fairness. This study proposes a
structured, three-step framework leveraging Al to address these
issues. Firstly, diverse student data—including academic
performance, behavior, interaction with learning materials,
demographics, psychological attributes, and feedback—is
aggregated and normalized into multi-dimensional vectors. K-
means clustering with Euclidean distance is then applied.
Secondly, detailed profiles are created for each cluster by
calculating their centroid, reflecting the unique characteristics
and preferences of students. Finally, these profiles guide a
GenAl system-ChatGPT to generate personalized quiz
questions relevant to each group’s learning style and field of
study. Implementing this approach with 105 business statistics
students at a university in the USA, statistical tests
demonstrated significant improvement in student performance
on customized quizzes compared to traditional assessments. The
findings underscore the transformative potential of Al-driven
personalization in educational settings, promoting more
effective, tailored learning experiences.

Keywords—artificial intelligence, generative artificial
intelligence, customized learning, students clustering

1. INTRODUCTION

Personalized learning is the educational experiences to
meet the unique needs of students, adapting content, pacing,
and instructional methods to align with student’s individual
preferences and abilities [1]. According to a study by RAND
Corporation, personalized learning environments can result
in about 3 percentile points gain in both mathematics and
reading for students, demonstrating significant academic
improvement [2]. Customized quizzes and exams represent a
crucial component of personalized learning. Prior research
has demonstrated that adaptive quizzes enhance student
motivation and engagement. Furthermore, students often
report that such quizzes effectively support their learning [3].
Unlike traditional “one size fits all” quizzes/exams that
uniformly challenge all students with the same set of
questions, customized quizzes/exams adapt to students’
individual learning profiles. For example, in an
undergraduate-level statistics class, customized quizzes adapt
to each student’s interests and future job plans; for instance,
a student aiming for a career in healthcare might receive
questions on biostatistics involving medical data analysis,
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while another planning to enter the finance sector would
tackle statistics problems related to market trends and
financial forecasting. Building on these personalized
approaches, the advent of Generative Al (GenAl) offers new
possibilities to further tailor educational experiences with
greater efficiency and scalability.

With the advent of GenAl, there is a growing consensus
among scholars [4-6] that these technologies can
significantly enhance the development of personalized
assessment materials. By automatically generating test
questions tailored to the knowledge level and learning
preferences of individual students, GenAl reduces the
workload for educators and facilitates a more scalable and
efficient implementation of personalized learning strategies
in diverse educational environments. It can enhance student
engagement, boost retention of course material, and increase
learning efficiency [7]. However, despite the well-
documented benefits of customized quizzes and exams, the
adoption of GenAl to personalize students’ learning materials
remains relatively low. According to a 2023 report by
Turnitin [8], over 75% of faculty members reported that they
do not regularly use Al in their teaching. Fig. 1 illustrates the
various ways educators currently use Al tools in education
from their study, highlighting that most applications focus on
prompt tuning and training students in Al tool use rather than
personalized assessment design. Furthermore, most faculty
members primarily utilize Al to check what students can see
with GenAl platforms, and more than one-third of the faculty
employ GenAl to educate students on the effective use of Al
technologies.

To fully realize the potential of GenAl in education, it is
beneficial to integrate it with data-driven methodologies such
as clustering algorithms. For instance, Sharif et al. [9]
demonstrated the application of clustering algorithms to
improve personalized learning through recommendation
models, emphasizing the role of data-driven approaches in
tailoring educational content. Similarly, Salles et al. [10]
introduced Interpret3C, a novel clustering pipeline that
incorporates interpretable neural networks to better
understand and adapt to diverse student needs in large-scale
online environments. In the GenAl aspect, Oye [11]
evaluated the impact of GenAl on personalized learning
outcomes, highlighting its benefits in creating engaging and
inclusive learning environments while also discussing
challenges such as data privacy and the need for adequate
teacher training. Additionally, Maity and Deroy [12] explored
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the integration of GenAl into Intelligent Tutoring Systems,
focusing on dynamic content generation and adaptive
learning pathways to enhance personalized education.
Despite these promising developments, there remains a
significant research gap in the practical implementation of
integrated GenAl and clustering algorithm frameworks
within real-world classroom settings. Most existing studies
have been conducted in controlled environments or focus on
theoretical models, lacking empirical validation in diverse
educational contexts. Furthermore, challenges such as
ensuring fairness, maintaining consistent difficulty levels
across personalized assessments, and addressing the technical
expertise required for implementation have not been
thoroughly addressed. There are also several challenges to the
widespread use of GenAl for creating -customized
quizzes/exams in higher education institutions. Implementing
such technology requires a certain level of technical expertise,
which many educators may lack. Additionally, there are
concerns about the accuracy of Al generated questions, many
existing GenAl tools are not specifically designed for
educational purposes or are difficult to customize for specific
educational needs and contexts, and there is still a pressing
need to provide GenAl training for all educators. Therefore,
itis essential to design a framework that can be easily adopted
by all higher education institutions. To address these
challenges and validate the efficacy of our innovative
framework, we pose the following research questions:

® How can integrating GenAl (ChatGPT) with traditional
Al algorithms (Clustering) enhance personalized
assessments in higher education?

® Does the proposed Al-driven personalized assessment
framework improve student academic performance
compared to traditional quizzes?

e How can the proposed Al-driven personalized
assessment framework be generalized and simplified to
facilitate widespread adoption by educators without
extensive technical expertise?

In this study, we developed an Al-driven approach to

create personalized quizzes and exams tailored to students’
interests and profiles. This approach integrates traditional Al

algorithms and the GenAl platform, specifically ChatGPT.
The key contributions of this study are as follows:

e We introduced a novel framework integrating clustering
algorithms with GenAl, specifically designed for higher
education settings. Technically, our framework
systematically employs k-means clustering combined
with a clearly defined Elbow method to determine the
optimal number of student clusters. This technical
clarity facilitates easy implementation by educators,
even those without extensive Al expertise, bridging
advanced analytical methods with practical educational
requirements.

® [everaging a robust data-driven methodology, our
approach technically utilizes multi-dimensional student
data vectors—comprising academic performance,
interaction patterns, behavioral metrics, demographic
factors, psychological attributes, and feedback—to
categorize students into distinct clusters. Each group’s
centroid is computationally derived and profiled,
ensuring precision in capturing diverse learning
preferences, thereby enabling accurate customization of
educational content.

e Employing ChatGPT for dynamic quiz generation, our
method technically ensures that each personalized
assessment maintains a consistent difficulty level across
different clusters. By integrating clearly defined
prompts reflecting each group’s educational background
and learning objectives, our technical design guarantees
fairness and balanced challenge, addressing a commonly
overlooked aspect of personalized education.

® The empirical validation of our technical framework in
a practical undergraduate classroom setting provides
robust evidence of its effectiveness. Statistically
significant improvements in student performance on
customized quizzes, compared to traditional
assessments, confirm the technical soundness and real-
world applicability of our integrated clustering and
GenAl methodology, highlighting its potential to
substantially enhance educational outcomes.

Use of Al Tools in Education

14.6%

12.1%

Applications

= Tuning prompts in Al tools to see what students can see . Writing syllabi

Generating rubrics for grading
Generating quizzes and assessments
Adapting texts to reading levels

Training students on Al tool use
Creating engaging in-class activities
Generating writing assignments

Emm Generating answers to student queries
Assistance in student work
Analysis of peer grading exercises

Fig. 1. Use of Al tools in education.

II. LITERATURE REVIEW

A. Personalized Learning and Its AI-Driven Foundations

Personalized learning has gained significant attention due

to its capacity to cater to students’ unique learning
preferences, abilities, and experiences. Tenon et al. [13]
demonstrated that personalized approaches not only enhance
students’ critical thinking and creativity but also better
prepare them for the job market. Similarly, Rafiqovna [14]
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noted that customizing learning materials based on a
student’s personal experiences, knowledge, and learning
habits can significantly improve their learning efficiency and
speed. There are many contents can be personalized in
learning. Heng et al. [15] suggested that develop the systems
like Learning Management System (LMS) can recommend
specific materials tailored to the learner’s profile, including
their prior knowledge and preferred format (e.g., text, video,
or interactive content). Zhong [16] shown that personalized
learning paths allow students to learn at their own pace and
follow unique trajectories. Abedi et al. [17] advocated for the
integration of customized assignments in higher education,
by enabling students to select topics or project formats that
align with their interests and strengths. They are not only
encouraged personalizes learning but is also strongly
recommended for its potential to enhance educational
outcomes.

From a conceptual standpoint, personalized learning
fundamentally aligns with the theories of constructivism and
learner-centered pedagogy, emphasizing active student
involvement and tailored educational experiences [18].
According to constructivist principles, Leeuwen et al. [19]
illustrated that knowledge construction occurs most
effectively when learners engage actively with content
adapted to their individual learning processes and previous
experiences. The rapid advancements in educational
technology, particularly Al, have dramatically expanded the
opportunities for practical implementation of these
pedagogical theories.

Al-driven personalized learning leverages sophisticated
algorithms that analyze large volumes of educational data to
dynamically tailor learning experiences. Zawacki-Richter et
al. [20] have highlighted in their study that AI’s potential to
significantly transform educational environments by enabling
scalable, adaptive, and highly individualized instructional
approaches. Liu ef al. highlighted the value of using Al-
driven approaches to customize students’ learning
experiences, demonstrating that tailoring support based on
mid-term performance and learning behaviors can more
effectively guide students toward academic success [21].
Holmes et al. stated that Al systems can continuously monitor
students’ academic performance, adapt content difficulty in
real-time, and recommend resources that address individual
learner needs and optimize educational outcomes [22]. Baker
et al. [23] pointed the importance of ensuring that
personalized learning systems powered by Al maintain
fairness and transparency, avoiding potential biases that
could disadvantage particular student groups.

Despite these significant advancements and conceptual
alignments, practical, scalable frameworks that integrate
personalized learning methods using Al—particularly in the
form of personalized quizzes and assessments—remain
limited. Many existing systems require substantial technical
expertise, limiting their accessibility for broader educational
settings and educators without extensive technological skills.

B. Al-Based Clustering in Personalized Learning

Al clustering algorithms have become instrumental in
advancing personalized learning by enabling the grouping of
students based on various academic and behavioral
characteristics. These unsupervised machine learning

techniques, such as k-means and hierarchical clustering,
identify natural groupings within educational data,
facilitating tailored instructional strategies.

Recent studies have demonstrated the efficacy of Al
clustering in educational contexts. For instance, Park [24]
developed a recommender system utilizing collaborative
filtering, effectively clustering students based on past
performance to generate personalized practice assessments.
Du et al. [25] introduced a reinforcement learning-based
examination system that leverages clustering algorithms to
dynamically adapt learning paths, continuously optimizing
the personalized assessment process. Mihaescu et al. [26]
employed Singular Value Decomposition (SVD)-based
clustering techniques to adjust quiz difficulty according to
individual student performance, enhancing assessment
personalization. Additionally, Almazroi et al. [27] utilized
clustering methodologies to personalize assessments based
on students’ personality traits derived from their social media
interactions.

Beyond these applications, clustering algorithms have
been used to analyze student engagement patterns. A study
by Xu et al. [28] applied Al optimization algorithms in higher
education management and personalized teaching,
demonstrating significant improvements in students’ learning
outcomes, engagement, satisfaction, and efficiency when
using Al-driven personalized teaching compared to
traditional approaches. Similarly, research by Zheng et al.
[29] explored the impacts of Al empowerment on students’
personalized learning, highlighting the role of Al in
enhancing learning effectiveness through intelligent
recommendation and automated feedback.

Despite these advancements, challenges remain in the
practical implementation of Al clustering in personalized
learning. Issues such as data privacy, algorithmic bias, and
the need for human-Al interaction must be addressed to
ensure equitable and effective educational outcomes.
Moreover, the development of scalable frameworks that can
be easily adopted by educators without extensive technical
expertise is crucial for the broader application of Al
clustering in personalized learning environments.

C. GenAl in Personalized Education

In recent years, GenAl, particularly Large Language
Models (LLMs) such as ChatGPT, has further revolutionized
the educational domain by automating the generation of
personalized educational content. These Al systems are
designed to process and generate language-based outputs that
are tailored to the specific needs and queries of learners,
making personalized learning more dynamic and accessible.

The application of GenAl in education is grounded in the
principles of adaptive learning and constructivism, which
advocate for educational experiences that adapt to the
learning pace and style of individual students. By leveraging
GenAl, educational platforms can dynamically generate
content that adjusts to the evolving understanding and interest
levels of each student, thereby supporting a more
personalized learning journey. Shemshack et al. [30]
emphasized that Al integration, particularly within big data
contexts, significantly enhances the scalability and efficiency
of personalized learning. These systems can analyze vast
amounts of educational data to provide insights that help
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tailor the learning process to individual needs more utilizing Al and GenAl to deliver personalized quizzes and
effectively. Liu et al. [31, 32] introduced innovative exams, aimed at enhancing student engagement and
frameworks utilizing generative artificial intelligence to  improving their learning experience. As depicted in Fig. 2,
enhance syllabus clarity and curriculum alignment in higher  the initial phase of Dynamic Student Clustering involves
education, demonstrating that Al-driven analysis of educators aggregating and analyzing a wide range of student
educational content can significantly improve instructional data to inform the clustering process. The types of data
efficacy, course preparation consistency, and collaborative include, but are not limited to: (1) Academic Performance
learning environments. VillegasCh et al. [33] offered Data (x3%): test scores, and progress indicators, etc. (2)
practical frameworks for Al-driven personalized educational
systems, showcasing how GenAl can be integrated into
existing educational infrastructures to support a range of
personalized learning activities, from adaptive course content
to automated feedback systems. Similarly, Pataranutaporn e?
al. [34] and Tselepatiotis et al. [35] utilized Al-driven
methods to dynamically adjust educational content based on
learners’ skills and interests. These studies demonstrate the
capability of GenAl to not only understand and generate psych

content but also to anticipate and react to the needs of learners ) i )t Students” motivation leYels
in real-time. or personality that can be collected from some psychological

Despite these advancements, research specifically focused ~ assessment. (6) Feedback and Self-Assessments (xfeedbacky;

on integrating GenAl into personalized assessment remains ~ Information from surveys about students’ personal
relatively limited. Pesovski et al. [36] introduced generative — educational challenges and objectives, or insights into what
Al methods within a Learning Management System (LMS) to ~ students feel about their educational experiences. Each
automate customized quiz generation. However, their student i is represented by a multi-dimensional data vector
implementation was constrained to small-scale scenarios and ~ composed of the normalized values from each category, ready
lacked scalability for broader educational use. This highlights ~ for analysis using K-means for clustering:

a significant gap in the current research—developing scalable,
effective GenAl solutions that can be widely implemented
across various educational settings without extensive The Euclidean distance between any two students i and j,

customization. There is a growing need to explore how  represented by their vectors v; and v;, is calculated as follows:
GenAl can be further developed to support large-scale

educational applications without losing the personal touch
that characterizes effective teaching. Future research should
focus on overcoming the scalability challenges and ensuring
that GenAl applications in education remain inclusive,
equitable, and capable of providing high-quality, where x;; and x;x are the components of the vectors v; and v;
personalized educational experiences to a broad spectrum of  respectively. This distance measure is used in the K-means
learners. clustering algorithm to assign each student to the closest
cluster center.

Behavioral Data (xP®"®): Data on participation in class
activities, discussion forums, class attendance, or group
projects. (3) Interaction Data (x!"*™): Students’ responses
to Previous quizzes or exams, and data collected from
learning management systems (LMS) on course material
accesses, submissions, and interactions. (4) Demographic
Information (x€™°): Students’ age, gender, socioeconomic
status and their cultural or linguistic background. (4)

Psychological Factors (x

behav _.interact ,.demo PSYCh

— d feedback
v = (xiaca , X} X X ’xl feedbac! )

rx],

III. METHODS

In this study, we developed a three-step framework
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Fig. 2. Framework overview.
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Algorithm 1 Elbow Method for Optimal £ in K-
mean Clustering
1: Given: Data vectors {vi, vz, ..., Vu}
: for k = kmin to kmax do
Initialize k£ cluster centers randomly
: K-means objective:

2
3
4
5: g,lg}zf:l Zvjec;llv =l
6
7
8

Compute loss (SSE):
SSEx = They T e vy — i
: end for
9: Plot (k, SSEx) and choose k* at the “clbow.”

The challenge in K-means is to find the best number of
clusters k. In this study, we utilize the “Elbow” method to
determine the optimal k, as depicted in Algorithm 1, which
illustrates the process of finding the best £ for K-means
clustering. The output of Step 1 in our framework is each
student’s data, annotated with their respective cluster labels.
Following the clustering of student data, the second stage
involves defining and refining the profiles for each identified
student cluster. These profiles, denoted as uj, up, and uy,
represent the centroids of the clusters and encapsulate the
unique characteristics and learning preferences of the
students within each group. These profiles are critical for the
subsequent personalization of educational content. The
centroid of each cluster is calculated as the mean of all data
vectors belonging to that cluster. Mathematically, the
centroid u; for each cluster j is defined as:

Nj
1 Z

i TN i.j
=1

where N, is the number of students in cluster j, and v;;is the
data vector of the i-th student in cluster j. This average is
computed across all dimensions represented in the data
vectors, thus providing a multi-dimensional mean that
characterizes the typical attributes of the cluster. The
centroids ui, Uz, . . . , U, therefore reflect the aggregated
characteristics of their respective clusters. The final step in
our framework utilizes the profiles from Step 2 to generate
personalized quizzes and exams. Initially, a baseline quiz or
exam is established with standardized questions. An example
of a baseline question in statistics might be: “Calculate the
mean and standard deviation for the following data set: 5, 20,
40, 65, 90.” To adapt this question for students in Cluster 1,
who major in finance and prefer active learning, we would
use a Generative Al tool with the following prompt:

“Cluster 1 consists of finance majors adept in quantitative
analysis, now seeking to enhance their real-world application
skills. For this cluster, create a quiz question that revises the
baseline statistical task but includes a novel dataset reflective
of real financial scenarios they might face in their careers.
The task should involve calculating the mean and standard
deviation, similar to the baseline question, which asks
students to analyze the data set: 5, 20, 40, 65, 90. Adapt this
task by using a different set of data points relevant to
financial risk analysis or investment portfolio management.”

Following the generation of these tailored questions, the
customized quizzes or exams are administered to the

appropriate student clusters. Detailed performance data, such
as scores and time to completion, is collected to evaluate the
effectiveness of the personalized educational content and
further refine teaching strategies. The students’ data will be
dynamically updated from Step 1.

IV. RESULTS AND DISCUSSION

A. Dataset Description

In the Fall of 2024 and Spring of 2025, a dataset was
compiled from a Business Statistics course, a core
requirement for all undergraduate business students at a
university in Philadelphia, USA. The course enrolled 105
freshmen, sophomores, juniors and seniors from various
majors including Finance, Accounting, Marketing, and
Business Intelligence, among others. The diversity of the
student body was reflected in the wide range of business
disciplines represented, with the most common being Finance
and Accounting. In this study, we employed a convenience
sampling technique due to practical considerations.
Specifically, we did not actively select or randomize samples
but utilized naturally occurring class groupings. The
observations are gathered in a naturally occurring educational
setting, reflecting “real-world” learning conditions. Because
the university applies uniform admission standards, both
cohorts are expected to possess comparable academic
preparation, a premise confirmed by statistical tests showing
no significant differences in GPA or class distribution
between the two groups in Section IV B. The experimental
class comprised students who enrolled in the Business
Statistics course during Fall 2024 (n = 70), whereas the
control class included students who enrolled in the same
course during Spring 2025 (n = 35). Both classes were taught
by the same instructor, thereby controlling for instructional
consistency.

The dataset includes scores from four quizzes, with
uniquely customized to align with each backgroud and
historical performance, and the one-size-fits-all quizzes. To
ensure uniform difficulty across all quizzes, we selected an
equal number of ‘hard,” ‘easy,” and ‘medium’ questions for
each quiz. The difficulty levels are defined by the Connect
platform from McGraw-Hill [37]. Connect is a widely
adopted digital learning and assessment platform in higher
education. Connect’s item bank is developed and reviewed by
subject matter experts to ensure alignment with educational
standards and learning objectives, thereby supporting content
validity. While McGraw-Hill does not publicly provide
specific reliability coefficients such as Cronbach’s alpha for
its assessments, the platform’s design incorporates best
practices in educational measurement to promote reliable and
valid evaluations of student performance. The average score
on this customized quiz was 98.20%, slightly higher than the
average score of 97.32% for the non-customized quizzes,
suggesting a potential benefit of personalized educational
approaches in enhancing student learning outcomes. All
student data in this study have been fully anonymized to
ensure confidentiality and compliance with privacy standards.
Identifiable information has been removed, and only
academic performance and broad major categories are
included in this case.
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B. Experiment Results

Before we employed k-means to cluster students into
different groups, we first evaluate the baseline equivalence of
the two cohorts in terms of their academic backgrounds, we
conducted two statistical tests: Welch’s t-test for GPA
comparison, and the Chi-square test for class-standing
composition. For GPA, the null hypothesis Hy was that the
mean GPA of the experimental group (i) €quals the mean

GPA of the control group (Hesrr)-

HO: uexp = Hetrl
Ha: uexp #F Hetrl

Welch’s t-test formula used was:

X - X
t = ———
slz+522
ny n,

where X7, X, are the sample means; s12, s?, s? are the
sample variances; and n,, n, are the sample sizes. The GPA
comparison yielded a non-significant p-value of 0.063 as
Fig. 3 shows, indicating no statistically significant difference
between the two groups’ mean GPA.

Class Distribution by Quiz Type
63 Non-Customized Quizzes

Customized Quizzes

60

50

I
o

Chi-square test:
p = 0.185 (ns)

Number of Students
w
o
~
>

N
=]

10

5

3

2 2 2

0
Senior

0

Freshman Sophomore Junior

Fig. 3. Class distribution between experimental and control groups.

For class-standing, the Chi-square test (x*) was applied
with the null hypothesis ( H, ) that the class-standing
composition distributions are equal across both groups:

H,:The distributions of class standing are equal
H,:The distributions of class standing are not equal

The Chi-square formula is given by:

2
o :Zw
E,;

where O;; is the observed frequency, and Ej; is the expected
frequency for each category. This analysis also resulted in a
non-significant p-value of 0.185 as Fig. 4 shows, confirming
that no significant differences existed between groups
regarding class-standing composition. Thus, the baseline
equivalence of both GPA and class-standing was statistically
supported.

In the initial phase of our experimental framework, we
utilized students’ majors and previous academic performance
data to cluster them into distinct groups. The scope of data
dimensions was intentionally limited due to compliance
requirements with human subject data usage policies, which
we anticipate expanding upon receiving the necessary

approvals. To determine the optimal number of clusters, we
employ the Elbow Method. It gauges how much additional
explanatory power is gained by adding more clusters. It plots
the within-cluster sum of squares (WCSS) on the y-axis
against the number of clusters k on the x-axis. As k increases,
WCSS naturally falls because each cluster becomes tighter;
however, the rate of improvement drops after a certain point.
The “elbow” is the value of k where this decline first begins
to flatten out—signifying that further splits yield only
marginal benefit. In our analysis (Fig. 5), that inflection
occurs at k= 16, so we selected 16 clusters as the best trade-
off between compactness and model simplicity. After that, we
run a K-means algoritm to cluster the students’ data into 16
groups, as Fig. 6 shows. In this study, majors are the primary
criteria for customizing student quizzes. We present average
scores by major to compare performance on customized
versus non-customized quizzes. Fig. 7 displays the results for
the top five majors with the highest enrollment in the dataset.
Fig. 7 shows the students generally perform better on
customized quizzes compared to non-customized ones across
all examined majors. Notably, the most significant
improvement is observed in Business Intelligence &
Analytics, where the difference in average scores reaches
6.67 points, suggesting a particularly effective customization
of quizzes in engaging students and enhancing their
performance in this field. In contrast, Sports Marketing shows
the smallest improvement with a difference of 1.90 points,
indicating a less pronounced but still positive effect of quiz
customization. These findings underline the potential benefits
of tailoring educational content to the specific academic
contexts and learning preferences of different student groups.

Mean GPA Comparison
Customized vs Non-Customized

IS
o

w
@

Diff,0.26
Welch's t-test:
p = 0.063 (ns)

Mean GPA
~ w
n >

~
o

-
@

1.0

05

0.0

Non-Customized Customized

Fig. 4. Students GPA between experimental and control groups.

Building on these results, our findings both resonate with
and extend recent work in adaptive learning and personalized
assessment. For instance, Hwang et al. [38] discussed the
integration of AI in education, highlighting its role in
facilitating personalized learning experiences. Critically,
while prior research has largely focused on content
sequencing or feedback timing, our work is among the first to
integrate multi-dimensional Al algorithms, such as k-means
clustering with GenAl-driven question generation. Rouzegar
and Makrehchi’s comparison of GPT-3.5 versus GPT-4 for
crafting customized test items [39] validated that advanced
LLM prompts can produce high-quality, contextually
relevant questions when seeded with expert templates—an
insight we applied to our domain-specific prompts.
Samala et al.’s comprehensive taxonomy of generative Al
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applications in education [40] underscores the pedagogical
potential of prompt engineering, which we harnessed to target
core analytical skills in each cluster.

Elbow Method to Determine Optimal Number of Clusters

1400
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@
S
S

o
3
S

Sum of Squared Errors (SSE)

0 5 10 15 20 25 30
Number of Clusters (k)

Fig. 5. Elbow method to determine optimal number of clusters.
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Fig. 6. Visualization of students clustering.

In Step 3, we employ GenAl tools, specifically ChatGPT,
to generate customized quizzes tailored to the different
clusters identified in the study. To ensure fairness and provide
an equitable learning environment, we defined a baseline quiz
by selecting questions from the question pool available on
McGraw-Hill’s Connect platform. The profiles of each
cluster were derived based on the K-means clustering results
following the steps outlined in Section III. Using these
profiles, quizzes were customized with ChatGPT to align
with the specific characteristics of each cluster. For example,
Cluster 7 comprises students majoring in Business
Intelligence & Analytics who demonstrate strong quiz
performance, moderate midterm scores, and high engagement
in class practice, representing 85.7% of all the Business
Intelligence & Analytics major students. Below is the prompt
that we used to generate the quiz questions for Cluster 7
students:

Cluster 7 consists of Business Intelligence & Analytics
majors who exhibit strong quiz performance, moderate
midterm scores, and high engagement in class practice.
Using the following baseline question, generate a similar
question that incorporates statistical analysis relevant to
real-world business scenarios and challenges students’
quantitative skills:

Baseline Question:
observations

“A simple random sample of 20
is derived from a normally distributed
population with a population standard deviation of 3.2.
Please construct the 95% confidence interval.” And here is

the generated question: A business intelligence analyst at a
retail company wants to examine the average customer spend
during holiday seasons to better forecast sales and manage
inventory. From previous years’ data, the standard deviation
of customer spend is known to be $120. A random sample of
60 transactions from the last holiday season shows an
average spend of 8300, calculate a 95% confidence interval
for the true average customer spend during holiday seasons.

Comparison of Average Scores for Customized and Non-Customized Quizzes

100 w Diff. 6.67 w Diff: 2:81
Diff: 1.90
/ -—

Business Intellig. & Analytics Finance Marketing Sports Marketing

Fig. 7. Comparison of average scores for customized and non-customized
quizzes.

To evaluate whether customized quizzes significantly
improve student performance, we conducted two
complementary statistical analyses. First, a paired sample #-
test was performed using data from a single cohort of 70
students enrolled in Fall 2024. This within-subject analysis
compared each student’s performance on non-customized
and customized versions of the same quiz, allowing us to
isolate the impact of quiz customization while controlling for
individual differences. Second, we conducted a Welch’s #-test
to compare quiz scores between two independent groups (105
students): a control group that received non-customized
quizzes and an experimental group that received customized
quizzes. This between-group analysis accounted for unequal
variances and sample sizes, offering additional validation of
the effect of quiz customization on student outcomes.
Together, these analyses provide robust evidence for the
effectiveness of personalized quiz design in enhancing
academic performance.

For the paired sample t test, we propose the following
hypotheses for our one-tailed test:

HO: Hcustomized < MNon-Customized

Null Hypothesis: The mean score of the customized
quizzes is less than or equal to the average score of the non-
customized quizzes.

Hl: Hcustomized > HNon-Customized

Alternative Hypothesis: The mean score of the customized
quizzes is greater than the average score of the non-
customized quizzes.

The test statistics in the paired sample t test is:

d

tzsuz/\/ﬁ

where d is the mean of the differences between paired
observations, s, is the standard deviation of the differences,
and n is the number of paired observations.

A paired sample t-test was employed to compare the mean
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scores: (1) The t-statistic was calculated based on the
differences between the scores of customized quiz and the
non-customized quiz for each student. (2) The resulting t-
statistic was 3.1692 with a p-value of 0.0023, indicating a
significant difference at the 0.05 significance level.

To evaluate whether customized quizzes improve student
performance, we conducted a one-tailed independent samples
t-test using Welch’s correction for unequal variances. The
hypotheses were defined as follows:

o Null hypothesis (Ho): There is no difference or the

customized quizzes do not lead to higher scores.

HO: Heustomized < Mnon-customized

o Alternative hypothesis (H.): Students who received
customized quizzes achieved significantly higher scores
than those who received non-customized quizzes.

Ha: Heustomized = Hnon-customized
The test statistics is calculated by:

Xi-X;
t=—o =
st st
non

And the Degrees of Freedom of (Welch’s Test) is
calculated by:

where X, X, are the sample means, s?,s2 are the sample
variances, n, and n, are the sample sizes of group 1 and
group 2 respectively.

The results of the Welch’s #-test indicated a statistically
significant difference in quiz performance between the
customized and non-customized groups. Specifically, the test
yielded a #-value of —2.217 with a corresponding p-value of
0.032, which is below the conventional significance threshold
of 0.05. This result suggests that students who received
customized quizzes scored significantly higher than those
who received non-customized quizzes, providing empirical
support for the effectiveness of quiz customization in
enhancing academic performance. These results align closely
with prior research showing that personalization increases
student engagement and effort. Whereas earlier studies relied
on manual content tagging or rule-based adaptation, our study
confirms that automated, Al-driven customization yields
similarly robust gains in performance. By leveraging GenAl
for quiz item generation within a k-means clustering
framework, we eliminate the technical complexity and
time-intensive authoring processes that have constrained
earlier implementations. As a result, our solution not only
upholds the established link between personalization and
engagement but also offers a fully scalable platform that
instructors can deploy without specialized programming
skills—paving the way for widespread, sustainable adoption
of adaptive assessments in future courses.

V. CONCLUSION

This research has successfully demonstrated how

integrating Generative Al, specifically ChatGPT, with
traditional Al clustering techniques can dramatically enhance
personalized assessments in higher education. Our findings
indicate that this sophisticated Al-driven framework
significantly boosts student academic performance,
showcasing the clear advantages of tailored quizzes over
traditional methods. We introduced a groundbreaking
framework designed specifically for the higher education
context, which merges clustering algorithms with GenAl
technologies. This novel framework not only simplifies the
adoption of personalized learning methodologies but also
significantly expands their applicability across a diverse
range of educational institutions. Importantly, it is crafted to
be user-friendly, requiring minimal technical expertise,
which facilitates its adoption by educators across disciplines,
enabling its practical deployment even by those with limited
tech experience. By employing clustering algorithms, our
study has pushed the boundaries of educational data analysis,
enabling the segmentation of students into distinct groups.
This segmentation is based on a thorough analysis of their
academic performance and learning behaviors, which allows
for the highly specific customization of educational content.
Additionally, using ChatGPT to generate customized quizzes
ensures that assessments are not only personalized but also
maintain a consistent level of challenge across different
student groups. Implemented in an actual classroom setting
with undergraduate students, the effectiveness of this
framework was thoroughly validated. The results clearly
demonstrated improvements in student performance, offering
solid evidence of the framework’s efficacy. These results not
only highlight the practical viability of our approach but also
illustrate its potential to significantly improve educational
outcomes. In conclusion, this study represents a significant
advancement in educational technology, setting a new
standard for personalized education. It provides a robust
foundation for future innovations in the field, suggesting
promising directions for further research and development.

Moving forward, we plan to develop an application tool
that will allow educators to easily create customized quizzes.
This application will be straightforward to use, with the
complex algorithms operating seamlessly behind the scenes.
Our focus will be on ensuring that the quizzes are fair and
adapted to diverse learning needs, incorporating insights from
educational psychology to address fairness and bias. This tool
aims to simplify the personalization of learning, making
effective and equitable educational practices more accessible
to all faculty members and protect students’ private data at
the same time.
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