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Abstract

The rapid rise of generative Al technologies, particularly large language models such as ChatGPT, has
introduced new opportunities for supporting student learning in data analytics education. This study
investigates the use of ChatGPT as a complementary aid in a business data analytics course that teaches
data mining and machine learning techniques. To accommodate students with differing levels of
programming experience, three ChatGPT-assisted Python labs were incorporated alongside traditional
learning tools. A structural model was developed and tested using survey responses from 260 students.
The results indicate that effort expectancy, task-technology fit, and difficulty management significantly
influenced learning satisfaction, and that difficulty management also significantly affected perceived
learning performance. In addition, subgroup comparisons across academic levels revealed limited
differences, with graduate students reporting higher task-technology fit, whereas undergraduates
reporting higher perceived learning performance. Gender-based differences were more evident among
undergraduates than graduates. Overall, the findings suggest that ChatGPT was positively received,
although its perceived benefits varied across student subgroups. Students’ perceptions of ease of use,
alignment between Al assistance and analytical tasks, and their ability to manage task difficulty played
central roles in shaping their learning experiences. This study provides empirical insights into how
generative Al tools can be effectively integrated into data analytics education to complement existing
instructional approaches.

Keywords: Generative Al, ChatGPT, Data analytics education, Data mining, Python programming
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Exploring Student Experiences with ChatGPT in Data Analytics
Education: Gender, Academic Level, and Structural Model
Evidence

Mandy Yan Dang, Yulei Gavin Zhang, Yiyan Stella Li, Susan Williams,
Howard Qi and Xihui “"Paul” Zhang

1. INTRODUCTION

In recent years, generative artificial intelligence
(GenAlI) (Corchado et al., 2023) has experienced
unprecedented growth, emerging as a
transformative force across multiple sectors. The
rapid advancements in large language models
(LLMs) (Corchado et al., 2023; Myers et al.,
2024) and multimodal systems have enabled
GenAl to be widely deployed in various domains,
such as healthcare, finance, law, and education
(Yang et al., 2024). For instance, in the financial
domain, GenAl has been developed and adopted
in enhancing tasks such as financial modeling,
risk assessment, fraud detection, and customer
service (Remolina, 2024). In addition, GenAl has
also been utilized in the law sector to streamline
legal research, automate document analysis, and
improve case management, leading to increased
efficiency and productivity (Wilkins, 2024). In
education, GenAl has facilitated personalized
learning experiences and adaptive teaching
methods, contributing to improved student
engagement and learning outcomes (Denny et
al., 2024).

Alongside advancements in GenAl, the field of
data analytics has also experienced significant
growth in recent years, becoming an essential
component of modern business operations.
Organizations across various industries
increasingly rely on data-driven decision-making
to enhance efficiency, competitiveness, and
innovation. This surge in demand has led to a
considerable expansion of data analytics
programs in higher education. Many business
schools across the US have responded by
developing interdisciplinary  curricula that
combine critical technical skills with essential
business knowledge, preparing graduates to meet
the evolving needs of the industry (Olsen et al.,
2022).

Building on both perspectives, this study explores
the synergy between GenAl and data analytics
education. While a substantial body of empirical
research has recently emerged analyzing the
impact of GenAlI tools, primarily in the domains of
foreign language education and programming,

relatively fewer studies have focused on data
analytics. Therefore, this study specifically aims
to examine how GenAl tools, such as ChatGPT
(Corchado et al., 2023; OpenAl, 2022), can be
leveraged to assist students in overcoming
technical challenges associated with data
analytics tasks, particularly within the domain of
data mining. By enabling natural language-driven
programming support, GenAl has the potential to
lower barriers for students with limited coding
experience, thereby enhancing their engagement
with complex analytical methods. Accordingly,
this study presents and discusses the integration
of ChatGPT in a data analytics course to support
student learning of data mining algorithms using
Python. In addition, we developed and tested a
structural model to examine how key learning
factors (i.e., learning effort expectancy, task-
technology fit, and difficulty management)
influence students’ learning satisfaction and
perceived learning performance in this context.
We also conducted comparative analyses of
student perceptions across gender and academic
levels.

The remainder of this paper is organized as
follows. Section 2 reviews the related literature
on the use of GenAl in education. Section 3
describes the design of the ChatGPT-assisted
learning tasks in the data analytics course.
Section 4 presents the research model and
hypothesis development. Section 5 first reports
the structural model testing results and then
presents detailed comparative analyses across
gender and academic levels. Finally, Section 6
discusses the research contributions and
implications, and the study’s limitations and
suggestions for future research.

2. RELATED LITERATURE

In recent years, a growing body of research has
emerged examining the influence of GenAl tools
on higher education (Xia et al., 2024). As the
adoption of large language models and related
technologies accelerates, scholars have
increasingly investigated both the positive and
negative impacts of these tools on teaching,
learning, and academic integrity (Denny et al.,
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2024; Kakhki et al., 2024). Some studies focus
on broader discussions of how GenAl alters
educational practices and student engagement,
highlighting opportunities for personalized
learning and concerns about misuse and
overreliance (Gill et al., 2024; Kakhki et al.,
2024). Others take a more focused approach by
exploring the practical application of specific
GenAl technologies, such as ChatGPT and other
language models, in supporting teaching tasks,
improving student writing, and assisting with
coding and data analysis (Kasneci et al., 2023).

For instance, as a comprehensive guidance study,
Kakhki et al. (2024) investigated the affordances
of ChatGPT in higher education and examined
how AI technologies could reshape learning
functions within academic institutions. Using a
grounded theory approach, the study analyzed
academic panel discussions to examine
perceptions of ChatGPT and related AI tools in
higher education. The study presents its findings
through a framework consisting of four categories
of affordances: (1) mitigating challenges in
traditional learning environments, (2) enhancing
effective educational practices, (3) transforming
traditional learning approaches, and (4)
negatively impacting current effective
educational practices.

As another guidance paper, Gill et al. (2024)
discussed the wide range of benefits that ChatGPT
could bring to the education sector, as well as its
potential risks. The authors categorized the
transformative effects of ChatGPT on modern
education into six dimensions: (1) educating with
ChatGPT, (2) important ethics, (3) transforming
online education, (4) higher education risks, (5)
treatment required immediately, and (6)
potential challenges.

In addition to examining the overall impact of
ChatGPT in higher education, a recent body of
research has emerged investigating how ChatGPT
can assist student learning across various
domains, such as foreign language acquisition
(Koraishi, 2023; Warschauer et al., 2023),
computer programming (Kosar et al., 2024;
Yilmaz & Yilmaz, 2023), mathematics (Sanchez-
Ruiz et al., 2023), business writing (Kétyi et al.,
2025), data science (Zheng, 2023), and data
analytics (Zhong & Kim, 2024).

For instance, Warschauer et al. (2023)
investigated the use of Al-generated text,
including ChatGPT, in supporting second
language (L2) English writing. Through surveys
and interviews with students and instructors, the
study identified key benefits such as reducing

writing anxiety, providing immediate feedback,
and offering model texts to enhance L2 learning.
However, it also noted risks, including
overreliance on AI outputs, inaccuracies, and
diminished critical thinking and independent
writing skills. The authors emphasize the need for
structured pedagogical strategies to ensure that
Al tools are used as a complement, not a
replacement, to traditional L2 writing instruction.

Similarly, Koraishi (2023) investigated the
application of ChatGPT in English as a Foreign
Language (EFL) education, with an emphasis on
material development and assessment. The study
demonstrated how ChatGPT can aid teachers by
generating customized reading texts, adapting
materials across different proficiency levels,
integrating targeted vocabulary, and creating
assessments and lesson plans. These capabilities
have been shown to reduce teacher workload and
provide more personalized learning experiences.
However, the author also emphasizes the need
for teacher supervision, as the tool occasionally
produces inaccuracies or content requiring
refinement.

In another study examining ChatGPT's role in
computer science education, Kosar et al. (2024)
investigated the impact of ChatGPT on novice
programmers in an undergraduate object-
oriented programming course. The study involved
182 students, divided into a control group and an
experimental group using ChatGPT for
programming assignments. Results showed no
significant performance differences between the
two groups, suggesting ChatGPT, when properly
guided, does not compromise or improve learning
performance. The authors note that ChatGPT can
reduce frustration and provide immediate
assistance, but emphasize that structured
instructional strategies are essential to prevent
overreliance and ensure the development of
critical coding skills.

In another study, Yilmaz and Yilmaz (2023)
explored student perceptions of ChatGPT as a
learning tool in an Object-Oriented Programming
IT course involving 41 undergraduates over eight
weeks. Students highlighted benefits such as
rapid responses, assistance with debugging,
improved problem-solving skills, and increased
confidence. However, some noted risks of
overreliance, occasional inaccuracies, and
reduced independent thinking. The authors
conclude that, with proper instructional design
and supervision, ChatGPT can be a valuable
supplement to programming education.

In mathematics education, Sanchez-Ruiz et al.
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(2023) evaluated the impact of ChatGPT in a
blended learning mathematics course for
engineering students. Students reported that
ChatGPT supported their understanding of
concepts and problem-solving, although trust was
higher for theoretical explanations than for
numerical accuracy. In business writing
education, Kétyi et al. (2025) explored ChatGPT's
use for drafting business letters and dialogues,
with  students reporting improved writing
efficiency and confidence alongside concerns
about overreliance and content accuracy. As to
data science education, Zheng (2023) examined
ChatGPT’s use in a graduate-level course and
found that it aided learning in areas such as
coding explanations and tool recommendations,
while limitations remained in fostering critical
thinking and problem-solving without human
guidance.

However, to the best of our knowledge, relatively
few studies have specifically investigated the role
of GenAl tools, such as ChatGPT, in supporting
student learning in data analytics, particularly in
relation to data mining algorithms.

Through an extensive review of the literature, we
identified one relevant study conducted by Zhong
and Kim (2024). Their study examined the use of
ChatGPT to support business students in learning
logistic regression in R. By guiding students
through data preparation, model building, and
evaluation using Al-generated code within the
CRISP-DM (Cross-Industry Standard Process for
Data Mining) framework, the study aimed to help
lower technical barriers and enhance students’
data analytics and problem-solving skills.

Our study differs from theirs in three key ways:
(1) we focus on multiple data mining algorithms
rather than solely on logistic regression; (2) our
course uses Python instead of R, both of which
are widely adopted programming languages in
business analytics education; and (3) while their
study presents a teaching case with detailed
assignment information, our study also provides
empirical results to demonstrate the effectiveness
of the proposed instructional design.

3. THE DATA ANALYTICS COURSE AND TASK
DESIGN

The Data Analytics Course

Our data analytics course is a technical course
focused on teaching students data mining and
machine learning techniques, as well as their
applications in solving business problems. The
major data mining algorithms covered include
linear regression, logistic regression, association

analysis, k-nearest neighbors (k-NN), decision
trees, artificial neural networks, and clustering.
The course is offered to both senior
undergraduate and graduate students.
Specifically, it is a required course for all business
analytics, information systems, and marketing
undergraduate majors, and an elective for other
majors within the College of Business. At the
master’s level, it is a required course for business
analytics students and an elective available to

students from other colleges, such as
engineering, including those majoring in
computer science, information technology,
electrical engineering, and others. Both

undergraduate and graduate students use the
same learning materials (textbooks and lectures)
and are assessed using the same tools (weekly
quizzes and lab projects). However, master’s
students are also required to complete a more
comprehensive, term-long project, which is not
required for undergraduates.

Given the diverse academic backgrounds of
students enrolled in the course, not all students
possess prior programming experience. To
accommodate this variability and ensure
equitable learning outcomes, the course has
traditionally incorporated RapidMiner, a user-
friendly data analysis software platform
(https://academy.rapidminer.com/), for regular
lab projects. RapidMiner’s intuitive drag-and-drop
interface  allows students to focus on
understanding data mining concepts and
workflows without the steep learning curve
associated with coding. However, we also
recognize the value of providing students with
exposure to data analytics using programming
languages, such as Python, to broaden their skill
set and prepare them for industry expectations.
While software tools like RapidMiner offer
accessibility and ease of use, they can limit
students’ flexibility in handling complex data
tasks or customizing algorithms. Conversely,
programming approaches offer greater control,
scalability, and problem-solving opportunities,
but they are often associated with a higher initial
learning barrier. Therefore, in our course, we aim
to combine both perspectives to leverage
RapidMiner’'s strengths in helping students
quickly grasp the fundamental concepts of data
mining algorithms, while also giving them
experience in performing data analytics using
Python.

To implement this idea, we decided to leverage
the capabilities of a GenAl tool, specifically
ChatGPT, to support student Ilearning and
engagement with programming-based data
analytics. We designed a series of three targeted
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lab sessions, distributed throughout the
semester, to provide students with progressive
exposure to data analytics using Python. These
labs were strategically placed at the beginning,
middle, and end of the course to gradually
introduce students to Python-based data
analytics while reinforcing key data mining
concepts. The first ChatGPT-assisted Python data
analytics lab was conducted early in the semester
and focused on multiple linear regression. The
second lab took place in the middle of the
semester and addressed association analysis,
while the last lab, conducted towards the end of
the semester, focused on artificial neural
networks. We selected these three algorithms
because they were introduced at different points
in the course and, more importantly, they
represent distinct categories of data mining
algorithms.

To design the three ChatGPT-assisted Python
labs, we utilized Google Colab, a cloud-based
programming environment that allows users to
write and execute Python code. Following the
approach of Zhong and Kim (2024), we provided
students with structured ChatGPT prompts to
guide them in generating Python code for data
analytics tasks step by step — from data
understanding and exploration to model
development and results interpretation. Students
were instructed to use two web browsers during
each lab session: one to access ChatGPT and
input the prompts to obtain relevant code, and
the other to open Google Colab, where they would
paste, run, and explore the code and interpret the
results. In addition to running the code, students
were required to read and understand the
detailed explanations of the logic and functions
that ChatGPT provided alongside the generated
Python code. They were also encouraged to make
necessary adjustments and minor modifications
to the prompts to ensure the successful
completion of the lab tasks.

Due to space limitations, we present only the final
ChatGPT-assisted Python data analytics lab
below, with the hope that it offers inspirational
insights for educators in data analytics.

ChatGPT-Assisted Python Data Analytics Lab
on Artificial Neural Networks

The dataset used in this lab is the Diagnostic
Wisconsin Breast Cancer Database, which
contains 30 features and 569 instances. The
features are derived from a digitized image of a
fine needle aspirate (FNA) of a breast mass and
describe various characteristics of the cell nuclei
present in the image.

Part 1: Data Understanding and Exploration

1) Import the data file onto Google Colab.

2) Import the necessary Python libraries for
data analysis and visualization. Prompt:
Import the libraries for data analysis
and visualization.

3) Read data from the data file. Prompt: Read
data from the data file.

4) After loading the data, describe the dataset
step by step as follows:

a. Prompt: Display the number of
records and the number of attributes
in the dataset.

b. Prompt: Display the names of the
attributes in the dataset.

c. Prompt: Calculate the minimum,
maximum, average, and standard
deviation of each attribute in the
dataset.

5) Check for missing values in the
dataset. Prompt: Check if there is any
missing value in each column of the
dataset.

6) Explore the distribution of the dependent
variable on a histogram. Prompt: Visualize
the dependent variable on a histogram.

7) Visualize the data using a parallel plot
based on all features, excluding the
dependent variable. Use color to
differentiate between the two categories,
based on the dependent variable. Prompt:
Visualize the data using a parallel
coordinates plot for all features,
excluding the dependent variable. Use
color to differentiate between the two
categories based on the dependent
variable.

8) Calculate the correlation values between
each feature and the dependent variable,
and sort the results in descending
order. Prompt: Calculate correlation
values between each feature and the
dependent variable, and sort the
results in descending order.

9) To further explore the relationships across
variables, visualize the correlation matrix
on a heat map. Prompt: Create a heat
map based on the correlation matrix.

Part 2: Model Development and Evaluation
Part 2 focuses on creating the artificial neural
network model. To do this, students first need to
split the entire dataset into a training dataset
(containing 75% of the data points) and a testing
dataset (containing the remaining 25%). They
will then use the training dataset to build the
model and the testing dataset to evaluate the
model’s performance.

1) Split the entire dataset into a training
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dataset (containing 75% of the data points)
and a testing dataset (containing the
remaining 25%). Prompt: Split the entire
dataset into a training dataset
(containing 75% of the data points)
and a testing dataset (containing the
remaining 25%).

2) Use the training dataset to build an artificial
neural network model with a total of 3
layers: an input layer, a hidden layer, and
an output layer. The input layer should
have 30 nodes, and the output layer should
have 1 node. The hidden layer is set to have
16 nodes in this example. Prompt: Use the
training dataset to build an artificial
neural network model with a total of 3
layers: an input layer, a hidden layer,
and an output layer. The input layer
should have 30 nodes, and the output
layer should have 1 node. Make the
hidden layer with 16 nodes.

3) Use the testing dataset to evaluate the
model’s  performance. Calculate the
confusion matrix and accuracy. Prompt:
Use the testing dataset to evaluate the
model’s performance. Calculate the
confusion matrix and accuracy.

Part 3: Further Exploration With Model
Comparisons

To gain an in-depth understanding through
further exploration, students are asked to use the
same training and testing datasets to create
another classifier using the decision tree
algorithm and evaluate its performance. They are
then asked to compare which algorithm, the
artificial neural network or the decision tree,
yields a higher accuracy. After that, they are
asked to further explore a third model — a 4-layer
artificial neural network model — to once again
compare the performance across the three
models.

1) Create a decision tree model using the
same training dataset, and then evaluate
the model’s performance using the same
testing dataset. Prompt: Create a
decision tree model using the same
training dataset, and then evaluate the
model’s performance using the same
testing dataset. Calculate the
confusion matrix and accuracy.

2) Discussion question: Based on the
results from the two models, which one has
a higher accuracy on this dataset: the
artificial neural network or the decision tree
model?

3) Using the same training dataset, build
another artificial neural network model with
a total of 4 layers: an input layer, two

hidden layers, and an output layer. The
input layer should have 30 nodes, and the
output layer should have 1 node. In this
example, use 20 nodes for the first hidden
layer and 16 nodes for the second hidden
layer. Then, use the same testing dataset
to evaluate its performance. Prompt: Use
the same training dataset to build
another artificial neural network model
with a total of 4 layers: an input layer,
two hidden layers, and an output layer.
The input layer should have 30 nodes,
and the output layer should have 1
node. Make the first hidden layer with
20 nodes and the second one with 16
nodes. Then, evaluate the model’s
performance using the same testing
dataset. Calculate the confusion matrix
and accuracy.

4) Discussion question: So far, we have
created 3 models: a 3-layer artificial neural
network, a decision tree, and a 4-layer
artificial neural network. Which one has the
highest accuracy on this dataset, and what
is that accuracy value?

5) Discussion question: What insights have
you gained from this Ilab and the
comparisons among the performances of
models?

4. RESEARCH MODEL AND HYPOTHESIS
DEVELOPMENT

To assess the effectiveness of the task design and
its impact on student learning, we draw on
perspectives from technology adoption, task-
technology fit, and learning outcome research.
Specifically, we include effort expectancy,
grounded in technology acceptance theory
(Venkatesh et al., 2003), to capture students’
perceptions of ease of use when interacting with
Al-supported tools. Task-technology fit
(Goodhue & Thompson, 1995), derived from
cognitive fit theory, reflects the alignment
between AI assistance and analytical task
requirements. Difficulty management (Wall &
Knapp, 2014) is incorporated to represent the
inherent complexity and learning curve
associated with  programming-based data
analytics tasks. Finally, learning satisfaction and
perceived learning performance (Bere, 2018)
serve as commonly used outcome measures in IS
education research.

Although these constructs do not form an
exhaustive set of influencing factors, together
they form a theoretically informed nomological
network that enables us to examine how
perceptions of tool usability, task alignment, and
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Figure 1: Research Model

difficulty management shape students’ learning
experiences in this context.

Effort expectancy, a core construct of the UTAUT
(Unified Theory of Acceptance and Use of
Technology) model (Venkatesh et al., 2003),
refers to the degree of ease associated with using
a particular system. Prior research in computing
and online education has shown that effort
expectancy could significantly shape students’
adoption and use of learning support systems
(Abdullahi et al., 2003; Suleiman et al., 2018).
More recently, Sabeh (2024) found that effort
expectancy played a significant role in IT
students’ intention to adopt ChatGPT for
academic purposes. In our context, ChatGPT
provides step-by-step assistance that enables
students, especially those with limited Python
experience and knowledge, to complete data
analytics tasks that might otherwise be too
challenging. By reducing the perceived effort
required to learn and apply Python, ChatGPT may
enhance students’ satisfaction with the learning
process and improve their perceived
performance. Therefore, we propose the following
hypotheses:
Hla: Effort expectancy has a positive impact
on learning satisfaction when performing Al-
assisted Python learning for data analytics.
H1lb: Effort expectancy has a positive impact
on perceived learning performance when
performing Al-assisted Python learning for
data analytics.

Task-technology fit (TTF) suggests that an
information technology tool is more likely to
enhance an individual’s task performance when
its capabilities align closely with the requirements
of the task being performed (Goodhue &
Thompson, 1995). Prior research consistently
shows that higher levels of TTF can strengthen
student learning outcomes, including learning
satisfaction and continued use of learning support
systems (Chen & Roldan, 2021; Dang & Zhang,
2022; Lin, 2012), as well as perceived
performance (Bere, 2018).

In the context of our study, ChatGPT offers
meaningful support by helping students
understand and apply Python for data analytics,
particularly for those with limited prior
programming experience. This alignment
between the assistance provided by ChatGPT and
the demands of the learning tasks could form a
strong level of task-technology fit. This may
further facilitate smoother task completion,
reduce friction in the learning process, and
ultimately enhance both satisfaction and
perceived performance. Therefore, we posit the
following hypotheses:
H2a: Task-technology fit has a positive
impact on learning satisfaction when
performing Al-assisted Python learning for
data analytics.
H2b: Task-technology fit has a positive
impact on perceived learning performance
when performing Al-assisted Python learning
for data analytics.
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Learning
Satisfaction

Perceived
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Figure 2: Research Model Test Results

Difficulty management refers to students’ ability
to proactively handle the perceived difficulty
associated with a learning task (Wall & Knapp,
2014). In their study on difficulty management in
information systems courses, Wall and Knapp
(2014) found that students who managed course
difficulty more effectively reported higher
perceived learning outcomes. Similarly, other
research has shown that the ability to cope with
course difficulty is positively associated with
overall learning outcomes (Dang et al., 2023).

In our context, both Python programming and
machine learning—based data analytics can be
challenging subjects for many students. Effective
difficulty management may therefore play an
essential role in helping students navigate the
learning process. When students feel capable of
handling the difficulty of the material with the
support of ChatGPT, they may experience greater
satisfaction and report higher perceived
performance. Therefore, we hypothesize that:
H3a: Difficulty management has a positive
impact on learning satisfaction when
performing Al-assisted Python learning for
data analytics.
H3b: Difficulty management has a positive
impact on perceived learning performance
when performing Al-assisted Python learning
for data analytics.
research model with

Figure 1 shows the

hypotheses.

5. EMPIRICAL RESULTS

Structural Model Results

In this sub-section, we examine how effort
expectancy, task-technology fit and difficulty
management influence students’ learning
satisfaction and perceived learning performance.

To do that, a survey was conducted. After
obtaining the IRB (Institutional Review Board)
approval, a survey invitation was sent to all
students enrolled in various sections of the course
approximately one week before the end of the
semester, following the completion of the final
lab. Participation was voluntary and anonymous,
and a small amount of extra credit
(approximately 1.5% of the total possible course
points) was offered as an incentive for completing
the survey. In total, the survey invitation was
sent to 410 students; 264 students participated,
and 260 completed the survey, yielding a
response rate of 64.39% and a completion rate of
63.41%. The average age of participants who
completed the survey was 23.45 years.

The senior undergraduate and graduate students
were enrolled in separate classroom sections.
Although the courses have different prefixes, they
share the same learning materials and
assessment methods, with the exception that the
master’s-level course includes a comprehensive
semester-long project. In the year the study was
conducted, there were 10 sections in total, five
undergraduate and five graduate sections, taught
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Composite
Reliability AVE DM EE PLP SAT TTF
DM 0.937 0.887 0.942
EE 0.929 0.812 0.662 0.901
PLP 0.922 0.852 0.824 0.644 0.923
SAT 0.948 0.863 0.846 0.738 0.806 0.929
TTF 0.907 0.835 0.819 0.743 0.777 0.814 0.914

Note: Diagonal values (in bold) represent the square root of the average variance extracted (AVE). Off-diagonal

values indicate the correlations among constructs.

Table 2: Internal Consistency and Validity Test Results

by two instructors, each teaching a combination
of undergraduate and graduate sections. All other
lab sessions followed the regular course format
using RapidMiner, and no Python-related content
had been introduced prior to the three dedicated
Python lab sessions. The instructors closely
coordinated course delivery to ensure consistency
across sections.

For four out of the five constructs, we adopted
measurement items from existing literature with
modifications to fit the context of our study.
Specifically, the measure for learning effort
expectancy was adapted from Sabeh (2024); the
measure for task-technology fit was adapted from
Chen et al. (2023). To assess difficulty
management, we drew on the conceptual
framework of Wall and Knapp (2014) and
developed our own items. The measure for
learning satisfaction was adopted from Almulla
(2024), and the measure for perceived learning
performance was adapted from Islam (2013). All
questionnaire items were rated on a 7-point Likert
scale, ranging from 1 for “strongly disagree” to 7
for “strongly agree.” Appendix A lists all the
measurement items.

To test the proposed research model and examine
the associated hypotheses, we applied partial
least squares structural equation modeling (PLS-
SEM) using SmartPLS 4.0. Tables 1 and 2 present
the reliability and validity assessment results.
Reliability was evaluated using item loadings and
Cronbach’s alpha, while validity was examined
through the square root of AVE, and
interconstruct correlations. Internal consistency
was assessed using composite reliability.

As shown in Table 1, the Cronbach’s alpha values
for all constructs exceed the recommended
threshold of 0.70, demonstrating strong internal
reliability. In addition, all item loadings were
statistically significant at the p < 0.0001 level,
further confirming the reliability of the
measurement model.

As shown in Table 2, all composite reliability
values exceed the recommended threshold of

0.70, indicating strong internal consistency for
each construct. Likewise, all average variance
extracted (AVE) values are above the suggested
minimum of 0.50, consistent with the implied
square-root-of-AVE guideline of 0.707. These
results demonstrate solid convergent validity. In
addition, the square root of the AVE for each
construct is greater than its correlations with
other constructs, providing evidence of
satisfactory discriminant validity.

Cronbach's . t-stats/p-
Alpha Item Loading valuep

DM1 0.924 <0.0001

DM 0.936 DM2 0.954 <0.0001
DM3 0.948 <0.0001

EE1 0.843 <0.0001

EE2 0.925 <0.0001

EE 0.922 EE3 0.917 <0.0001
EE4 0.917 <0.0001

PLP1 0.938 <0.0001

PLP 0.947 PLP2 0.962 <0.0001
PLP3 0.867 <0.0001

SAT1 0.914 <0.0001

SAT2 0.945 <0.0001

SAT 0.913 SAT3 0.932 <0.0001
SAT4 0.924 <0.0001

TTF1 0.929 <0.0001

TTF 0.901 TTF2 0.885 <0.0001
TTF3 0.926 <0.0001

Table 1: Reliability Test Results

The inner model testing results are illustrated in
Figure 2. The analysis shows that all three
learning factors (i.e., effort expectancy, task-
technology fit, and difficulty management)
significantly influence learning satisfaction,
supporting Hla, H2a, and H3a. In addition,
difficulty management exerts a significant
positive effect on perceived learning
performance, providing support for H3b.

These results suggest that students’ satisfaction
with Al-assisted Python learning is shaped by
both the perceived ease of using ChatGPT and the
degree to which the tool aligns with their
analytical tasks, as well as their confidence in
handling the difficulty of the material. Moreover,
students who feel more capable of managing the
technical challenges of Python and machine
learning are more likely to view themselves as
performing well, with relatively little influence
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from effort expectancy or task-technology fit.
This highlights the central role of difficulty coping
in shaping students’ perceptions of their learning
outcomes in rigorous, Al-supported analytics
environments.

Comparative Analyses Across Gender and
Academic Levels

This subsection presents comparative analyses
across gender and academic levels. Among all
260 participants, 134 identified as male, 121 as
female, 3 as non-binary, and 2 preferred not to
specify their gender. Additionally, 117 were
undergraduate students and 143 were graduate
students.

Table 3 summarizes the descriptive statistics of
student responses across the five measured
constructs. Overall, the results indicate a positive
evaluation of the ChatGPT-assisted Python data
analytics labs. The mean scores for all
assessment dimensions exceeded the midpoint
value of 4 on the 7-point Likert scale, suggesting
generally  favorable student perceptions.
Specifically, perceived learning performance (M =
5.578, SD = 1.267) and learning effort
expectancy (M = 5.507, SD = 1.251) received the
highest ratings, indicating that students felt
ChatGPT meaningfully supported their learning
process and reduced the effort needed to conduct
data analytics tasks using Python. The other
dimensions also demonstrated strong positive
responses, with means ranging from 5.341 to
5.501 across task-technology fit, difficulty
management, and learning satisfaction. These
findings collectively indicate the overall
effectiveness of integrating ChatGPT as a
supplementary instructional tool in data analytics
education.

Assessment Mean/Std dev
(Dl;fl\f/iI§U|ty Management 5.501/1.261
Ei;renc'tr;gnf;f‘(’&) 5.507/1.251
percened Leamis | 7971267
(Lgiq_r;ing Satisfaction 5.479/1.323
(T_Ia_?lé)—Technology Fit 5.341/1.342

Table 3: Overall Statistics (N=260)

To further assess the effectiveness of our
instructional design, we also compared the results
between undergraduate and graduate students.
Within each group, we then conducted additional
comparisons between male and female students.
Table 4 presents the results of the comparison

between undergraduate and graduate students
across the five measured dimensions.

As shown in Table 4, overall, both groups
reported similarly positive perceptions of the
ChatGPT-assisted labs, with all mean scores
exceeding the midpoint of the 7-point Likert
scale. Statistically significant differences were
found in task-technology fit (TTF) and perceived
learning performance (PLP). Graduate students
rated TTF significantly higher than
undergraduates (M = 5.422 vs. M = 5.242; p =
0.031), indicating a greater perceived alignment
between ChatGPT and their learning tasks.
Conversely, undergraduates reported
significantly higher perceived learning
performance (M = 5.664 vs. M = 5.508; p =
0.044). These contrasting results may reflect
differences in academic experience and learning
needs. Graduate students, often possessing more
familiarity with complex tools and independent
learning strategies, may have found ChatGPT to
align more effectively with their task
requirements, resulting in higher task-technology
fit scores. In contrast, undergraduate students,
who generally have less prior experience with
data mining and programming, may have
perceived greater learning gains from the
structured support provided by ChatGPT,
contributing to higher perceived learning
performance. No significant differences were
observed for learning effort expectancy, difficulty
management, or learning satisfaction between
the two groups.

Under Master
(N=117) (N=143) p-value

M/SD M/SD
DM 5.507/1.185 5.497/1.321 0.453
EE 5.498/1.092 5.514/1.368 0.418
PLP 5.664/1.134 5.508/1.363 0.044*
SAT 5.513/1.276 5.451/1.360 0.454
TTF 5.242/1.338 5.422/1.342 0.031*

Note: * indicates statistically significant at 0.05.
Table 4: Undergraduate vs. Graduate
Students

We further examined gender differences within
both the undergraduate and graduate student
groups. Tables 5 and 6 present the results for
each group, respectively.

As illustrated in Table 5, female undergraduate
students reported significantly higher scores than
male undergraduate students on all dimensions,
with  all differences reaching statistical
significance (p < 0.05). Specifically, female
undergraduate students rated learning effort
expectancy (EE), task-technology fit (TTF),
difficulty management (DM), learning satisfaction
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(SAT), and perceived learning performance (PLP)
more positively than male undergraduate
students. These findings suggest that female
undergraduate students perceived greater
benefits and support from the ChatGPT-assisted
labs compared to their male peers. One possible
explanation is that female undergraduate
students, who may have had Ilower initial
confidence or less prior exposure to programming
tasks, found the structured and supportive nature
of the ChatGPT-assisted approach particularly
valuable. The AI-driven guidance may have
helped reduce anxiety and increase engagement,
contributing to their overall positive evaluation of
the learning experience.

Under-male Under-female

(N=59) (N=55) p-value

M/SD M/SD
DM 5.181/1.328 5.842/0.930 <0.001*
EE 5.364/1.190 5.623/0.983 0.006%*
PLP 5.463/1.206 5.867/1.039 0.001*
SAT 5.233/1.429 5.800/1.032 <0.001*
TTF 4.949/1.505 5.539/1.068 <0.001*

Note: The 3 non-binary students were excluded in this
table. * indicates statistically significant at 0.05.
Table 5: Undergraduate Male vs. Female

Students
Master-male | Master-female p-
(N=75) (N=66) value
M/SD M/SD
DM 5.293/1.571 5.611/1.190 0.041%*
EE 5.362/1.603 5.527/1.328 0.480
PLP 5.361/1.579 5.586/1.279 0.191
SAT 5.194/1.671 5.587/1.183 0.023%*
TTF 5.265/1.623 5.535/1.212 0.086

Note: The 2 students who preferred not to specify their
gender were excluded in this table. * indicates
statistically significant at 0.05.

Table 6: Graduate Male vs. Female Students

As indicated in Table 6, while female graduate
students reported higher mean scores on all
dimensions, statistically significant differences
were observed only for difficulty management
(DM; p = 0.041) and learning satisfaction (SAT;
p = 0.023). Female graduate students rated DM
and SAT more positively, suggesting they
experienced greater confidence in managing the
technical demands of the labs and were more
satisfied with the learning experience. No
significant differences were found for learning
effort expectancy, task-technology fit, or
perceived learning performance. These results
may indicate that at the graduate level, both male
and female students possess relatively high

baseline skills and comfort with learning
technologies, minimizing gender disparities.
However, female students may still have

particularly benefited from the structured support

and clear guidance provided by the ChatGPT-
assisted labs, which could explain their higher
satisfaction and better perceived ability to
manage lab challenges.

6. CONCLUSIONS

Research Contributions and Implications
This study makes several key contributions to the
literature on data analytics education and the
pedagogical application of GenAl tools. First, it
advances our understanding of how GenAl tools
can be systematically leveraged to support
students with diverse academic and technical
backgrounds in learning highly technical content
such as data mining and machine learning using
Python. Data analytics courses often present a
significant learning barrier for students with
limited programming experience. Our approach
demonstrates that Al-assisted coding guidance,
integrated within a supportive instructional
framework, can reduce these barriers and provide
an equitable learning experience. The positive
student perceptions across learning effort,
satisfaction, and perceived learning performance
highlight the potential of GenAl to enhance access
to complex analytics education.

Second, the study contributes a novel
instructional design that differs from prior
research. Building on earlier exploratory efforts,
we implemented a staged design featuring three
distinct ChatGPT-assisted labs spaced
strategically throughout the semester. This
design exposed students to progressively
complex data mining algorithms (including
multiple linear regression, association analysis,
and artificial neural networks) rather than
focusing on a single technique as in some earlier
studies (e.g., Zhong & Kim, 2024). The inclusion
of both traditional data mining tools (RapidMiner)
and Al-supported Python coding offered students
a dual learning pathway that accommodates
varying skill levels while promoting deeper
understanding of data analytics concepts and
methodologies. This may serve as a practical
framework that can be adapted to other technical
and business education contexts.

Third, this study contributes theoretically by
developing and testing a structural model that
explains how key learning factors shape students’
overall learning experience in an Al-assisted
analytics environment. The results demonstrate
that effort expectancy, task-technology fit, and
difficulty management can significantly influence
learning satisfaction, while difficulty management
also significantly impacts perceived learning
performance. These findings extend existing
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research on Al-assisted learning by identifying
the specific factors via which GenAl tools support
student outcomes in data analytics education. By
integrating structural model analysis with
instructional design and empirical comparison
across student subgroups, this study provides a
more comprehensive understanding of how
GenAl tools can be effectively incorporated into
technical coursework and lays the groundwork for
future theory-driven investigations in this field.

Finally, our empirical findings offer actionable
insights for data analytics educators. The survey
results provide evidence that most students
responded positively to the integrated
instructional approach, with overall ratings above
the scale midpoint across five learning
dimensions. Additionally, subgroup analysis
revealed meaningful differences between student
groups, such as stronger positive perceptions
among female undergraduate students. These
insights suggest the importance of considering
learner diversity when integrating AI tools into
data analytics curricula. For example, instructors
may consider providing differentiated levels of
scaffolding, offering more structured guidance
and example prompts for novice programmers,
while encouraging more advanced students to
engage in exploratory and independent coding
tasks to maximize learning outcomes for all
groups.

Beyond the empirical findings, several
instructional insights emerged from implementing
the Al-facilitated labs. First, structured prompt
scaffolding appeared to support students’
engagement with Python syntax and debugging
processes, as students were guided to interpret
and refine Al-generated code rather than simply
execute it. Second, guided AI interaction
encouraged iterative problem-solving, with
students testing, modifying, and comparing
outputs instead of passively copying responses.
For future iterations of the course, we plan to
incorporate  more direct assessments of
independent coding competency, such as brief in-
class coding tasks without AI assistance, to better
evaluate students’ actual learning outcomes.

Limitations and Future Research Directions
This study has several limitations. First, it was
conducted at a single institution, which may limit
the generalizability of the findings. Second, the
research relied on self-reported survey data,
which may be subject to bias. Third, while the
study focused on students’ perceptions, actual
learning performance and long-term skill
retention were not measured. Future research
should explore longitudinal impacts of GenAlI-

assisted learning and examine outcomes across
diverse institutional and cultural contexts.
Experimental studies comparing Al-assisted
instruction with traditional methods could also
provide deeper insights into the pedagogical
value and limitations of GenAl in data analytics
education. Additionally, this study compared
undergraduate and graduate students; future
research may further explore comparisons based
on prior coding experience and prior GenAl
exposure. Future research may also conduct in-
depth interviews to gain deeper insights into
students’ learning experiences. Finally, although
this study introduced and tested a structural
model explaining how key learning factors shape
student satisfaction and perceived performance,
the model included only a subset of potential
determinants relevant to Al-assisted learning.
Future research could expand the model by
incorporating additional constructs, such as Al
literacy or GenAl self-efficacy. Testing the model
across multiple courses, instructional formats,
and cultures would also strengthen external
validity and help refine theory building in GenAI-
supported education. Also, in the current study,
we conducted subgroup analyses to explore
differences across gender and academic level. As
we continue to expand this research with
additional data and potentially adopt a
longitudinal design, we will consider integrating
demographic characteristics more explicitly into
the theoretical framework. Last but not least, the
findings are based on students’ self-reported
perceptions collected after the Al-facilitated lab
sessions. As such, we cannot make definitive
claims about changes in students’ objective
Python competency or long-term reliance on Al
tools. Future research could incorporate objective
performance measures and longitudinal designs
to better assess learning outcomes and patterns
of Al use over time.
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APPENDIX A

Measurement Items

Learning Effort Expectancy
1. Using ChatGPT to learn and understand data analytics in Python is easy for me.
2. I would describe my interaction with the ChatGPT interface for learning/understanding data
analytics in Python as being clear and understandable.
3. I find ChatGPT easy to use for data analytics in Python.
4. It has been easy for me to become skilled at using ChatGPT for data analytics in Python.

Task-Technology Fit
1. ChatGPT is well-suited to help me with my learning tasks on data analytics in Python.
2. ChatGPT is a necessary support for my learning and understanding of data analytics in
Python.
3. ChatGPT is an appropriate fit for my learning needs.

Difficulty Management
1. ChatGPT has helped make the difficulty of learning data analytics in Python manageable for
me.
2. ChatGPT helps me manage the difficulty of learning data analytics in Python.
3. ChatGPT helps me effectively cope with the difficulty of learning data analytics in Python.

Learning Satisfaction
1. Overall, I am satisfied with my ChatGPT-facilitated learning experience.
2. Using ChatGPT enhances my level of satisfaction with learning data analytics in Python.
3. ChatGPT contributes significantly to my overall satisfaction with learning data analytics in
Python.
4. I am satisfied with my learning outcomes and experiences using ChatGPT.

Perceived Learning Performance
1. With the support of ChatGPT, I can effectively accomplish my learning tasks on data
analytics in Python.
2. With the support of ChatGPT, I can efficiently accomplish my learning tasks on data analytics
in Python.
3. Overall, I am satisfied with my performance on my data analytics in Python lab projects.
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