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ABSTRACT Software testing education is important for building qualified testing professionals. To ensure
that software testing graduates are ready for real-world challenges, it is necessary to integrate modern tools
and technologies into the curriculum.With the emergence of Large LanguageModels (LLMs), their potential
use in software engineering has become a focus, but their application in software testing education remains
largely unexplored. This study, conducted in the Capstone Project course of a postgraduate software testing
program, was carried out over two semesters with two distinct groups of students. A custom-built Travel
Application limited to a web platform was used in the first semester. In the second semester, a new set of
students worked with an open-source application, offering a larger-scale, multi-platform experience across
web, desktop, and mobile platforms. Students initially created preparatory testing artifacts manually as a
group deliverable. Following this, they were assigned an individual assignment to generate the same artifacts
using LLM tools such as ChatGPT 3.5 in the first semester and Microsoft Copilot in the second. This
process directly compared manually created artifacts and those generated using LLMs, leveraging AI for
faster outputs. After completion, they responded to a set of assigned questions. The students’ responses
were assessed using an integratedmethodology, including quantitative and qualitative assessments, sentiment
analysis to understand emotions, and a thematic approach to extract deeper insights. The findings revealed
that while LLMs can assist and augment manual testing efforts, they cannot entirely replace the need
for manual testing. By incorporating innovative technology into the curriculum, this study highlights how
Generative AI can support active learning, connect theoretical concepts with practical applications, and align
educational practices with industry needs.

INDEX TERMS Capstone project, ChatGPT, generative AI, software testing education, Microsoft Copilot,
sentiment analysis.

I. INTRODUCTION
This study investigates how large language models (LLMs),
such as ChatGPT and Microsoft Copilot, can be incorporated
into software testing education. Software testing is a crucial
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step in delivering software products, but it often involves
labor-intensive tasks, particularly when creating test cases,
mapping requirements using a requirements traceability
matrix (RTM), and writing test scripts. Alshahwan et al. [1]
identified several software testing challenges from an
industry perspective. For regression testing, determining the
number of test cases or prioritizing test cases to execute is
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critical, especially when addressing non-functional require-
ments like performance or security alongside functional
verification. In the case of unit testing, even minor changes
in system behavior can lead to test failures, making it
difficult to maintain test cases over time. For end-to-end
testing, understanding the cascading impact of a single
change across interconnected components is a key challenge,
highlighting the need for a comprehensive dependency
analysis. Additionally, they emphasized that advancements in
artificial intelligence hold significant potential for addressing
these challenges.

Software Engineering Body of Knowledge (SWEBOK)
[2] highlights the importance of software testing for both
functional and non-functional requirements. It also notes that
creating test cases can be time-consuming and often requires
automation to be effective. To address these challenges, two
different semesters were examined in this study, each with
its own set of postgraduate students. In the first semester,
students worked with a custom travel application that offered
limited capabilities. In the second semester, an open-source
application was introduced, providing more complex features
and allowing validation of the teaching techniques. Previous
research has shown that open-source projects can support
practical, hands-on software engineering education [3], and
more specifically software testing education [4].
As industry practices evolve, educational approaches must

also adapt to ensure that students gain the skills needed
in modern testing contexts. Recent curriculum guidelines
like CS2023 [5] underline the growing role of artificial
intelligence (AI) in computer science education. In addition,
technical reports such as the Future of the Workforce (2022)
[6] and Technology Predictions (2024) [7] further emphasize
the rapid rise of Generative AI, reinforcing its significance
for modern testing education.

Large language models are being adopted in the educa-
tional context [8]. ChatGPT [9] and Microsoft Copilot [10],
[11] are examples of LLM-driven tools that can understand,
generate, and summarize the text in a human-like manner.
This study investigates how these tools can create preparatory
testing artifacts, such as test cases and scripts, without giving
students direct access to source code.

For communicating with LLM models to generate the
required outputs, a prompt needs to be constructed which
is written in natural language text describing the task
that an AI should perform [12]. Prompt engineering is a
methodology of structuring and optimizing an instruction that
can be interpreted and understood by a generative artificial
intelligence [13]. Various prompt engineering techniques
have been introduced in the literature. For this study, the
author found that the iterative tuning of the prompts worked
the best, and the students were instructed that providing more
details and being specific would help with achieving the best
outcome.

The Capstone Project, offered as a mandatory course dur-
ing the second four-month term (Level 2) of the post-graduate
certificate program in Software Testing, requires students to

develop use cases, a requirements traceability matrix, test
cases, and test scripts for a specified software system. After
completing these assignments, they compare their manually
generated documents with those created by the selected
LLM tool. This comparison helps them evaluate whether
AI-based testing methods should be adopted and identify
any necessary precautionary measures, contributing to their
learning process.

By focusing on test design, functional versus non-
functional testing, problem-solving, and effective use of
digital tools, this learning activity addresses key course
outcomes. It also meets vocational objectives that include
planning and executing testing for various technologies and
approaches, such as web applications, mobile platforms, and
agile frameworks.

The following questions guide the study:

• RQ1 Can a single teaching approach be effective for
all testing types, or should different contexts have
specialized methods?

• RQ2 What role should AI-based testing play in the
curriculum, and how should it be implemented?

• RQ3 Does incorporating LLMs into testing education
help students develop skills that align with industry
needs?

By exploring how LLM tools like ChatGPT and Microsoft
Copilot can enrich the teaching of software testing, this study
aims to propose effective strategies for bridging traditional
methods with emerging, AI-driven practices.

The contribution of this work can be summarized as:

• Expanded upon a preliminary study [14] by increas-
ing the scope from two questions evaluated with a
count-based approach to 11 questions analyzed using
diverse and extensive evaluation strategies.

• Introduced multi-platform testing in the second term
by incorporating an open-source application, enabling
comparative analysis of ChatGPT and Copilot for
enhanced depth and broader applicability.

• Developed an innovative assignment framework inte-
grating Generative AI tools with multiple evaluation
approaches, including count-based, thematic, and sen-
timent analysis to critically assess AI tools’ strengths
and limitations in generating and evaluating preparatory
testing artifacts.

• Provided students with realistic, hands-on learning
experience through open-source, multi-platform appli-
cations, fostering critical thinking and practical skills
development.

• Contributed to the Scholarship of Teaching and Learning
by creating a replicable model for integrating AI tools
into software testing education, demonstrating their
impact on student learning outcomes.

The rest of this paper follows this organization. Section II
shows the background and literature review for this study.
Next, section III describes the methodology and evaluation
strategies followed by section V, where the result of this
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work is presented. Afterward, this study follows the analysis
and discussion, threads to validity, and the conclusion of the
presented work.

II. BACKGROUND AND LITERATURE SURVEY
Before actual test execution, preparation for effective test
execution and monitoring strategies needs to be defined
ahead of time. Test cases are often generated from require-
ments or use cases of the application being validated.
Madan et al. [15] explained the importance of the Require-
ments Traceability Matrix (RTM), which links or tracks the
mapping between two different artifacts, such as require-
ments and test cases, in the context of web application
testing. However, they highlighted that generating RTMs is
time-consuming, requiring clear and detailed documentation
of requirements and corresponding test cases. Building on
this, earlier research by Uusitalo et al. [16] emphasized
the challenges of implementing complete test traceability
to requirements, recommending improved communication
links between testers and requirement owners to overcome
deficiencies in document-based links.

To address these challenges, this study explores the
potential of Generative AI tools to automate such processes,
providing students with an opportunity to apply these
techniques manually while critically evaluating their results.
Wang et al. [17] supported this idea, arguing that applying
natural language processing (NLP) to use case specifications
allows testers to systematically produce acceptance test
cases that are both comprehensive and aligned with original
requirements. Similarly, Naimi et al. [18] presented an
approach for automatic test case generation from use case
diagrams using large language models (LLMs) and prompt
engineering. Their work focused on generating use cases
that include main flows and alternative flows to help testers
understand the system’s behavior comprehensively. Building
on these approaches, this study extends by exploring how
LLMs assist in generating use cases and test cases.

In the software testing paradigm, the application of LLM
tools has been widely studied in various activities [19],
[20] including unit test generation [21], [22], regression
test case generation [23], test script generation [22], and
impact analysis of requirement changes [24]. For instance,
Wang et al. [25] conducted a comprehensive review of LLM
utilization in software testing and identified test case prepa-
ration and program repair as two of the most representative
tasks in this domain. These studies highlight the role of LLM
tools in automating labor-intensive preparatory testing tasks
and improving efficiency and accuracy.

Despite the increasing application of LLMs in testing
preparation activities, their utilization in software testing
education remains relatively unexplored. A notable gap
exists between the skills required for real-world assign-
ments and what is currently taught in testing courses. For
instance, Aludhilu and Sutinen [26] discussed the disparity
between industry expectations and the software testing

training provided in Namibian startup companies. Similarly,
Garousi et al. [27] highlighted knowledge gaps in software
testing according to industry needs, emphasizing the impor-
tance of incorporating measures or metrics beyond basic code
coverage to assess the quality of software testing education.
Siddique et al. [28] conducted a study that highlighted the
software industry needs and trends related to the freelancing
industry and uncovered suggestions for training in this
dynamic field.

As LLMs gain popularity in practical applications, their
integration into software engineering education is becoming
increasingly inevitable [29]. The possibility of integrating
LLM tools have been investigated in multiple educational
domains, including entrepreneurship education [30], health-
care [31], learning of human-computer information tech-
niques [32], and software engineering education, including
requirements engineering [33] and coding assistants [34].
Ramos et al. [35] demonstrated how effective lesson planning
and assessment design can be achieved using Microsoft
Copilot Implementation. However, they also highlighted
limitations and challenges in incorporating Copilot into
lesson planning, such as the need to address AI biases
ensure ethical considerations like data privacy and establish
accountability for AI mistakes. They further recommend that
educators receive training and support to optimize the use of
these tools.

Karmela et al. [36] compared four Generative AI tools
which are ChatGPT-3.5, ChatGPT-4, Google Bard, and
Microsoft Copilot in the context of enhancing educational
engagement. They surveyed 246 students and 105 educators
and used ten evaluation criteria, such as accuracy, prompt
speed, plug-ins, and data confidentiality. Although GPT-4
excelled in accuracy, empathy, plug-in support, and handling
diverse input/output formats, all tools displayed strengths
and weaknesses. Bard and Copilot offered real-time web
information and linking but had limitations in plug-in
ecosystems and language handling. The authors recommend
using multiple AI tools, verifying outputs with tradi-
tional methods, and crafting precise prompts to maximize
the benefits of Generative AI while ensuring rigor and
accuracy.

These studies underscore the potential of tools like
ChatGPT in transforming educational practices. This study
builds on these findings, investigating how ChatGPT and
similar LLM tools Microsoft Copilot can enhance software
testing education and bridge the gap between industry
requirements and academic training.

Evaluating qualitative and quantitative data in software
testing education involves various methodologies, including
count-based approaches for analyzing frequencies, sentiment
analysis to assess emotional tone, and thematic analysis
for identifying underlying patterns and themes in student
responses. These approaches are essential for understanding
the effectiveness of tools, pedagogies, and student outcomes
in software testing education.
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Thematic analysis identifies patterns and themes within
textual data, providing insights into user experiences, percep-
tions, and learning outcomes. Rahman et al. [37] combined
thematic analysis with natural language processing (NLP)
to analyze competencies in software testing education.
Similarly, Bilow and DeWaters [38] used thematic analysis to
explore the connection between socio-technical engineering
courses and students’ sense of belonging and engineering
identity, highlighting its utility in understanding broader
educational themes.

Recent studies, such as Shoufan [39], utilized thematic
analysis to explore students’ perceptions of ChatGPT, cate-
gorizing their responses into recurring themes. This approach
offers a systematic method for uncovering underlying pat-
terns in textual feedback, making it particularly relevant for
analyzing responses in software testing education.

Sentiment analysis, a popular method for classifying tex-
tual responses into Positive, Neutral, or Negative sentiments,
has been extensively applied in education. Grimalt-Álvaro
and Usart [40] conducted a systematic literature review on
using sentiment analysis for formative assessment, empha-
sizing its ability to capture students’ emotional and cognitive
responses to educational tools. Dake and Gyimah [41]
extended this work by applying sentiment analysis to evaluate
qualitative student feedback, demonstrating its relevance in
assessing perceptions of educational methods and technolo-
gies. Although sentiment analysis has been applied in broader
educational contexts to evaluate perceptions of tools and
methods, its specific application in software testing education
remains unexplored. This study aims to employ sentiment
analysis to assess student perceptions of Generative AI tools
like ChatGPT and Copilot in artifact generation tasks.

Keyword extraction techniques are essential for analyzing
structured and semi-structured data, particularly in educa-
tional and software documentation contexts. Liang et al. [42]
developed Python-based software for automated keyword
extraction, showcasing its effectiveness in identifying rel-
evant terms in English texts. Similarly, Onan et al. [43]
proposed an ensemble of keyword extraction methods for
text classification, emphasizing its applicability in identifying
critical terms and phrases within large datasets.

Beyond keyword extraction, text mining has been increas-
ingly used to analyze open-ended questions and feedback.
Buenaño-Fernandez et al. [44] utilized Latent Dirichlet
Allocation (LDA) for topic modeling to analyze teacher self-
assessments, illustrating the effectiveness of advanced text
analysis techniques in educational contexts. Their approach
demonstrates how automated tools can extract meaningful
patterns from qualitative data, making it particularly relevant
for evaluating open-ended responses in software testing
education. Studies such as Grönberg et al. [45] demonstrated
the use of text mining for analyzing student feedback,
further validating the application of keyword extraction in
educational research. In the context of software testing
education, in this study, keyword extraction facilitated the
identification of terms like ‘use cases’, ‘RTM’, and ‘test

cases’, which are central to evaluating the completeness and
accuracy of testing artifacts.

Enoiu [46] emphasized the challenges and best practices
in teaching software testing to industrial practitioners using
distance learning. This study highlighted the importance of
integrating innovative evaluation techniques to assess the
learning outcomes of software testing courses. The current
study builds on these findings by using thematic analysis,
sentiment analysis, and keyword extraction for count-based
analysis to evaluate student responses to 11 analytical
questions, providing a comprehensive understanding of the
effectiveness of Generative AI tools in software testing
education.

Although previous studies have explored these techniques
separately, few have integrated them to evaluate Generative
AI tools in software testing education. This study fills this
gap by employing a mixed-methods approach to analyze
responses from two student cohorts, comparing the effective-
ness of ChatGPT-3.5 and Microsoft Copilot across multiple
platforms. The combined use of these techniques allows for
a more holistic understanding of the role of AI in artifact
generation and software testing workflows.

III. METHODOLOGY
This study analyzed student responses from the Capstone
Project course, part of the post-graduate certificate program
in Software and Information Systems Testing at Fanshawe
College, Canada. This second-semester course prepares
students for real-world software testing challenges, followed
by a co-op term. Foundational courses in TestMethodologies,
Applied Project Management, and Systems Design and
Analysis are prerequisites for the Capstone Project course.
Students enrolled in the program must have either a two-
to three-year college diploma, a business or information
technology degree, or a combination of relevant work
experience and post-secondary education.

This Capstone Project course emphasizes both theoretical
and practical learning. Theoretical concepts are taught in
parallel with project work, enabling students to apply what
they learn to real-world scenarios. Working in teams of 4–5,
students undertake a comprehensive software testing project,
progressing through phases including test strategy develop-
ment, test planning, artifact creation (use cases, requirements
traceability matrices, test cases, and test scripts), test execu-
tion, and reporting. The initial 9 weeks focus on manually
creating these artifacts, reinforcing foundational knowledge
and logical reasoning in testing. Following this, as part
of an in-class exercise during regular class hours, students
individually generate the same artifacts using Generative AI
tools within a 3-hour session.

A. TEACHING APPROACH
This course employed a structured teaching approach,
combining lectures, practical demonstrations, independent
assignments, and collaborative team activities. Weekly
lectures introduced key software testing concepts and
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demonstrated tools applicable across various contexts. These
were complemented by project management tasks and
regular presentations to strengthen technical proficiency and
professional skills.

The teaching approach was designed to align with the
program’s course and vocational learning outcomes, ensuring
that students developed both technical proficiency and
essential employability skills. Key goals included:

Course Learning Outcomes (CLOs)
• Demonstrating the creation of test cases and scenarios
from application requirements.

• Differentiating between functional and non-functional
testing types in theory and practice.

Essential Employability Skills (EES)
• Applying systematic and critical thinking to solve
problems.

• Analyzing, organizing, and documenting information
effectively.

• Taking responsibility for decisions and outcomes.
Vocational Learning Outcomes (VLOs)
• Developing test cases for various testing levels and
types, including functional, usability, and regression
testing.

• Designing testing protocols for specialized technologies
such as web, mobile, and Agile framework applications.

In this 15-week course, this assignment was due in week
9. The following summarizes the course content leading up
to this assignment.

• Weeks 1-3: Introduced software testing fundamentals,
project planning, and setting up testing environments
for the first cohort who used a web-only platform,
and the second cohort who used an application that
utilized desktop, web, and mobile platforms. Lectures
covered configuring tools and understanding application
contexts.

• Weeks 4–6: Teams developed and presented test strate-
gies and detailed test plans. Feedback from these
presentations helped refine their approaches.

• Weeks 7–9: Students created use cases, requirements
traceability matrices (RTM), test cases, and test scripts.
Milestone assessments evaluated their progress and
artifact quality.

• Week 9: An assignment was introduced where students
compared Generative AI tools, ChatGPT 3.5 in Term
1 and Microsoft Copilot in Term 2, to replicate artifacts
created during the earlier weeks. This allowed for
a direct comparison between manual and AI-assisted
processes.

In addition to technical activities, students engaged in
weekly project management tasks to simulate industry
practices. These tasks included documenting project chal-
lenges, tracking team discussions through meeting notes, and
providing weekly status reports to the professor, who acted
as the business stakeholder. Regular presentations evaluated
both technical artifacts such as installation and configuration

of applications to test, test strategies, RTMs, and test cases,
and soft skills like teamwork and communication. This
approach ensured alignment with program outcomes and
prepared students for real-world testing challenges.

B. ASSIGNMENT DESIGN AND STUDY FRAMEWORK
The study spanned two terms and included responses to
11 analytical questions designed to assess artifact coverage,
accuracy, efficiency, and perceptions of AI tools. Table 1 lists
these questions, and the associated rubrics are detailed in
Table 2.

The first study involved 61 students submitting assign-
ments, out of which 26 students who scored at least 90%
were selected for further analysis. Students use a custom-built
travel application as software under test this semester. Since
ChatGPT-3.5 was free and widely used, it was selected as the
large language model tool for this phase. Students responded
to all 11 analytical questions during this term; however, the
analysis focused on only two questions. Question 2 examined
specific testing artifacts such as ‘use cases’, ‘RTM’, ‘test
cases’, and ‘test scripts’ while Question 9 explored students’
perceptions of ChatGPT-assisted testing, focusing on aspects
like test case generation speed, coverage, accuracy, and
ease of use. These findings, presented in prior work [14],
highlighted ChatGPT’s effectiveness in generating testing
artifacts compared to manual efforts.

In this study, responses to all 11 questions from the
first study were revisited and analyzed to gain a broader
perspective. The dataset remained the same, as it included
the original responses from the first cohort using the travel
application. No changes were made to the assignment
inputs or the exercise structure for this phase. By analyzing
all 11 questions, this study aimed to provide a more
comprehensive understanding of how students engaged with
both manual and AI-assisted approaches using ChatGPT-3.5.

The second study, conducted in a subsequent term, intro-
duced a new application, MoneyManagerEx [47], a mature
open-source application available on web, desktop, and
Android platforms. Unlike the travel application, Money-
ManagerEx provided comprehensive documentation and a
user manual [48] which included textual instructions, dia-
grams, and examples. This documentation enabled students
to generate and evaluate testing artifacts in a multi-platform
context effectively. Students could either extract relevant
content manually from the user manual or upload sections
of the document into Copilot, which assisted in generating
artifacts through contextual prompts. This flexibility allowed
students to leverage the quality and structure of the manual
directly, providing sufficient input to facilitate precise and
efficient artifact generation.

Microsoft Copilot was selected as the AI tool for this term
due to its secure access features, including the option not to
save prompts. A total of 35 students submitted assignments,
and 21 students scoring 90% or higher were included in
the analysis. This phase provided additional insights into AI
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TABLE 1. Questions asked in the assignment.

TABLE 2. Rubrics used for evaluating students’ submission.

tool performance by introducing platform diversity and more
robust application documentation.

This dual-phase exercise enabled a direct comparison
between manually created and AI-generated artifacts. Stu-
dents were also given flexibility in tailoring prompts to
include application-specific information, helping them nav-
igate the non-deterministic nature of large language models
(LLMs) for optimized results.

Figure 1 shows the user interface of the custom-built travel
application used in the first study. Figure 2 illustrates the
graphical user interface of the MoneyManagerEx application
utilized in the second student cohort. The desktop version
is shown in Figure 2a, the web application is illustrated in
Figure 2b, and the mobile version is reflected in Figure 2c.
This study provides insights into the application of

comparative analysis between different LLM tools and
their effectiveness compared to manually generated artifacts,
offering valuable lessons for their integration into software
testing education.

C. EVALUATION METHODS
A mixed-methods approach was employed to analyze
responses, integrating count-based analysis, sentiment analy-
sis, and theme identification. Each method addressed specific
aspects of the data. The count-based analysis quantified the
presence of specific terms or features in structured and open-
ended responses, helping to assess artifact completeness and
identify patterns in artifact creation. Terms like use cases,
test cases, test scripts, and RTM were mapped to evaluate
the thoroughness of student submissions. For open-ended
responses, sentiment analysis categorized student feedback
into Positive, Neutral, or Negative sentiments using a
standardized framework. This framework employed VADER
(Valence Aware Dictionary and sEntiment Reasoner) [49],
a rule-based sentiment analysis tool from the NLTK library,
to compute polarity scores and classify sentiments based on
predefined thresholds. This method provided insights into
students’ emotional responses and their perceptions of the
tools. Theme identification focused on broader patterns and
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FIGURE 1. Custom travel application - supports web platform only.

justifications in responses, identifying themes such as ‘AI
as a Supplement’, ‘Human Oversight Required’, and ‘AI
Limitations’ to better understand the tools’ impact on testing
workflows.

This study compared two cohorts to explore the strengths
and limitations of ChatGPT-3.5 and Microsoft Copilot in
generating testing artifacts. ChatGPT was characterized
by its simplicity and adaptability, making it easy to use
across diverse scenarios. In contrast, Copilot leveraged
multi-platform documentation and mature features for struc-
tured workflows. Both tools demonstrated unique strengths,
and their combined analysis provided a comprehensive
understanding of the role of Generative AI in software testing
education.

The analytical questions were grouped based on the
evaluation techniques most relevant to their objectives. The
count-based analysis technique was applied to questions
that required quantifying specific terms or features. For
instance, Question 1 counted the number of students
who thought the selected LLM tool either ChatGPT or
Copilot added additional information compared to manual
testing. Questions 2 and 3 focused on evaluating areas
where ChatGPT or Copilot outperformed manual efforts.
Question 2 was a free-response question with suggested
options provided as hints, while Question 3 used a Likert
scale rating from 1 (strongly disagree) to 5 (strongly agree)
to assess effectiveness. Question 4 involved open-ended
responses where keywords such as security and maintenance
were manually extracted and mapped to increase the count,
while Question 9 combined multiple-choice responses with
‘other’ options, where students’ additional feedback was
analyzed andmapped to specific keywords before automating
the extraction process.

Sentiment analysis was applied to open-ended questions to
explore students’ perceptions of the tools. This analysis used

FIGURE 2. Money manager application - different platforms.

VADER from the NLTK library [50], which classified feed-
back into Positive, Neutral, or Negative sentiments based on
polarity scores. For example, Question 6 examined whether
Copilot enhanced the testing process and complemented
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manual methods. Question 8 investigated whether manual
processes were still necessary for testing workflows, while
Question 10 focused on the integration of LLM tools into
testing workflows and its perceived impact.

Theme identificationwas employed for questions requiring
a deeper understanding of students’ justifications and rea-
soning. Question 5 analyzed key themes identifying patterns
such as ‘Irrelevant Features’, ‘Out of Scope’, ‘Features Not
Available’, ‘lacking details’, etc. whereas Question 7 ana-
lyzed key themes in responses to explore students’ reasoning,
identifying patterns such as ‘non-functional tests’, ‘edge
cases’, etc. Question 11 combined techniques where the
Yes/No responses were analyzed using count-based analysis
and the accompanying justifications weremapped to thematic
categories like ‘AI Advantages’ and ‘Human Oversight’ for
additional qualitative insights.

The findings from these analyses were visualized through
grouped bar charts and comparative plots. Count-based
analyses highlighted quantitative differences, such as key-
word frequencies and response distributions across tools.
Sentiment and thematic analyses provided qualitative insights
into students’ perceptions and reasoning. For example, bar
charts illustrated the frequency of specific keywords across
ChatGPT and Copilot responses, while comparative plots
highlighted differences in their strengths and limitations.
These visualizations offered a comprehensive understanding
of the role of Generative AI tools in software testing
education, emphasizing their complementary strengths and
overall utility.

D. DATA SCHEMA AND ALGORITHMS FOR PROCESSING
AND ANALYZING STUDENT RESPONSES
The data collected for this study was stored in an SQLite
database with two tables: ChatGPT and Copilot. Both tables
followed the same schema, with the primary difference
being the number of columns representing student responses.
Table 3 summarizes the structure of the anonymized dataset.
The dataset was initially prepared in a tabular format
using Excel, with rows representing questions and columns
capturing individual student responses. This simple structure
allowed for seamless integration into the SQLite database,
ensuring consistency between the ChatGPT and Copilot
tables. By leveraging this approach, the workflow remained
accessible and adaptable, requiring minimal technical over-
head for dataset preparation and upload.

This study involved analyzing student assignments and
their responses to a series of 11 questions. The responses
were anonymized, and no specific student identifiers were
included, thereby removing the need for individual consent.
Approval for this classroom-based study was obtained from
the Fanshawe College Research Ethics Board.

Algorithm 1 outlines the process used to collect, organize,
and analyze student responses stored in the database. Next,
the analysis approach was further detailed in algorithm 2,
algorithm 3, and algorithm 4 outlining the generalized
framework for analyzing responses for a specific Question

Algorithm 1 Algorithm for Processing and Analyzing Stu-
dent Responses on Preparatory Testing Artifacts Generation
1: Step 1: Extract responses from submitted assign-

ments.
2: Step 2: Anonymize the dataset to ensure privacy.
3: Step 3: Structure the dataset as follows:
4: Each column corresponds to a single Question’s

responses.
5: Save the dataset in an Excel file (.xlsx) with two

worksheets:
6: (a) ChatGPT responses.
7: (b) Copilot responses.
8: Step 4: Export the dataset into an SQLite database.
9: Create two tables in the database:
10: (a) ChatGPT.
11: (b) Copilot.
12: Step 5: Perform preliminary analysis and categorize

the evaluation approach.
13: (a) Count-Based Approach:
14: For free-response questions with suggested options,

multiple-choice, or Likert scale questions that require
justification:

15: Extract responses column-by-column for each row.
16: Match keywords in responses.
17: Count occurrences of each keyword.
18: (b) Thematic Analysis:
19: For open-ended, context-driven questions:
20: Define thematic categories.
21: Map keywords to each category.
22: Count keyword mappings for each category.
23: (c) Sentiment Analysis:
24: For open-ended questions:
25: Apply a sentiment analysis model to the extracted

text.
26: Classify sentiment as positive, neutral, or negative

based on predefined thresholds.
27: Step 6: Visualization.
28: Since the same questions were given to both groups:
29: Plot side-by-side bar graphs for comparative

analysis of ChatGPT and Copilot responses.
30: Use:
31: X-axis: Question IDs or categories.
32: Y-axis: Count, thematic mappings, or sentiment

scores.

and generating a comparative bar graph based on count-
based analysis, thematic analysis, and, sentiment analysis
respectively. The output is saved with a filename in the format
Question<Question_ID>.png.

IV. AUTHORS’ UTILIZATION OF PROMPT ENGINEERING
TECHNIQUE FOR GENERATING TESTING PREPARATORY
ARTIFACTS
Since this exercise involved crafting prompts, the authors
experimented with prompt techniques to get the best results.
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TABLE 3. Data schema of anonymized student responses.

Algorithm 2 Count-Based Analysis for Comparing Question
Response
1: Step 1: Connect to the database.
2: Establish a connection to the SQLite database file

(DB_FILE).
3: Step 2: Retrieve the row for the specified Question.
4: Match the Question_ID to retrieve the row contain-

ing:
5: (a) Question_ID.
6: (b) Question_Description.
7: (c) Responses from students

(Student_Responses).
8: Step 3: Initialize keyword counts.
9: Define a list of keywords (KEYWORDS) based on the

Question options.
10: Initialize a count dictionary for each keyword.
11: Step 4: Analyze responses.
12: for each response in the row (excluding metadata

columns like Question_ID and Description) do
13: for each keyword in KEYWORDS do
14: if the keyword is found in the response then
15: Increment the corresponding keyword’s

count.
16: if STOP_AFTER_FIRST_MATCH is True

then
17: Stop searching for other keywords in this

response.
18: end if
19: end if
20: end for
21: end for
22: Step 5: Generate the visualization.
23: Format the title of the bar graph as

Question_ID.Question_Description.
24: Plot the bar graph:
25: X-axis: Keywords.
26: Y-axis: Counts of responses for each keyword.
27: Save the bar graph as

Question<Question_ID>.png.
28: Step 6: Return results.
29: Return the bar graph file and keyword counts.

The use of refinement of prompts in an interactive approach
appeared to provide the best outcome. Here are the steps
that were applied:

Algorithm 3 Thematic Analysis for Comparing Question
Responses
1: Step 1: Connect to the database.
2: Establish a connection to the SQLite database file

(DB_FILE).
3: Step 2: Retrieve the row for the specified Question.
4: Match the Question_ID to retrieve the row contain-

ing:
5: (a) Question_ID.
6: (b) Question_Description.
7: (c) Responses from students

(Student_Responses).
8: Step 3: Define themes and keywords.
9: Create a dictionary of themes with associated keywords:
10: AI as a Supplement: {’supplement’, ’comple-

ment’},
11: Human Oversight: {’human’, ’expertise’}, etc.
12: Step 4: Initialize theme counts.
13: Set zero counts for each theme and an additional ’None’

category.
14: Step 5: Analyze responses.
15: for each response (excluding metadata columns like

Question_ID and Description) do
16: if response is valid (not NaN) then
17: Preprocess text (e.g., convert to lowercase, strip

whitespace).
18: for each theme do
19: if any theme keyword appears in response

then
20: Increment theme count.
21: Break.
22: end if
23: end for
24: if no match found then
25: Increment ’None’ count.
26: end if
27: end if
28: end for
29: Step 6: Generate visualization.
30: Format the title of the bar graph as

Question_ID.Question_Description.
31: Plot bar graph with:
32: X-axis: Themes, Y-axis: Response counts.
33: Save as Question<Question_ID>.png.
34: Step 7: Return results.
35: Return graph and theme counts.
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Algorithm 4 Sentiment Analysis for Comparing Question
Responses
1: Step 1: Connect to the database.
2: Establish a connection to the SQLite database file

(DB_FILE).
3: Step 2: Retrieve the row for the specified Question.
4: Match the Question_ID to retrieve the row contain-

ing:
5: (a) Question_ID.
6: (b) Question_Description.
7: (c) Responses from students

(Student_Responses).
8: Step 3: Initialize sentiment counts.
9: Define sentiment categories: Positive, Neutral, and

Negative.
10: Initialize a count dictionary for each sentiment category.
11: Step 4: Analyze responses.
12: for each response in the row (excluding metadata

columns like Question_ID and Description) do
13: Compute polarity scores using the VADER senti-

ment analyzer.
14: if compound score > 0.05 then
15: Classify the response as Positive.
16: Increment the count for Positive.
17: else if compound score < -0.05 then
18: Classify the response as Negative.
19: Increment the count for Negative.
20: else
21: Classify the response as Neutral.
22: Increment the count for Neutral.
23: end if
24: end for
25: Step 5: Generate the visualization.
26: Format the title of the bar graph as

Question_ID.Question_Description.
27: Plot the bar graph:
28: X-axis: Sentiment categories (Positive, Neutral,

Negative).
29: Y-axis: Counts of responses for each sentiment.
30: Bars: Side-by-side comparison of counts for the two

tools (e.g., ChatGPT and Copilot).
31: Save the bar graph as

Question<Question_ID>.png.
32: Step 6: Return results.
33: Return the bar graph file and sentiment counts.

• Starting with a board query by asking generation
questions to the LLM tools to establish the context and
the scope of the needs.

• Progressively providing more detailed and specific
instructions to refine the output.

• Clarifying and expanding the requirements to ensure
comprehensive coverage.

• Providing a set of instructions for the specific format of
the outputs.

The steps for constructing the prompts in the Travel
Application were discussed in the earlier study [14]. As a
result, this section describes how Copilot prompts were
constructed whereas the same strategy can be applied in
ChatGPT. The first prompt for Copilot included the Question
of whether this tool has direct access to the GitHub repository
of the MoneyManagerEx application. Once the Copilot
responded that no direct access was available, progressively
more detailed and specific instructions were provided to
refine the output. The content from the user manual was
crafted step by step, and incremental adjustments based on
the responses were provided. Afterward, the requirements
were clarified and expanded on them as needed to ensure
comprehensive coverage of all aspects was observed. The
LLM tool was asked to provide instruction in a structured
tabular format to meet the needs effectively.

A subset of the use cases generated after the prompt was
tuned further after sharing the user manual has been shown
in Figure 3. This is followed by subsets of RTM in Figure 4,
Test Cases in Figure 5, and detailed Test Scripts in Figure 6.

FIGURE 3. A subset of use cases generated after sharing the user manual
in the prompt in Copilot.

V. RESULTS
A. EVALUATION OF RESULTS FROM COUNT-BASED
APPROACH
Figure 7 and Figure 8 illustrate the results of responses
analyzed from four different questions using a count-based
approach after providing the keyword matching, comparing
student experiences with ChatGPT-3.5 and Copilot. The
bar graphs present a side-by-side analysis of the findings,
highlighting key differences.

In Figure 7a, 66.67% of students responded posi-
tively (‘Yes’) about Copilot, compared to 53.85% for
ChatGPT-3.5. Additionally, while 33.33% of students
responded ‘No’ for Copilot, this figure was slightly higher
for ChatGPT-3.5 at 42.31%, with 3.85% of students selecting
‘Yes and No’. Although students generally showed more
positive experiences with Copilot, across both studies, the
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FIGURE 4. A subset of RTM generated after sharing the user manual in
the prompt in Copilot.

FIGURE 5. A subset of test cases generated after crafting the prompt in
Copilot.

FIGURE 6. A subset of generated test scripts after crafting the prompt in
Copilot.

majority of students acknowledged that integrating AI tools
provided them with additional valuable information. This

reinforces the potential of these LLM tools in enhancing
learning and testing processes.

Figure 7b compares student responses on the effectiveness
of ChatGPT and Copilot in assisting with generating testing
artifacts. The analysis reveals that Use Cases was the most
preferred area for both tools, with 69.23% of students
identifying ChatGPT as most effective in this area and
57.14% favoring Copilot. For ChatGPT, RTMwas the second
most preferred area, scoring 53.85%, while for Copilot,
Test Cases emerged as the second preference, with 57.14%.
The third preference differed between the tools with Test
Cases for ChatGPT scoring 42.31% and RTM for Copilot
was 47.62%. Interestingly, for ChatGPT, several students
mentioned combined categories such as ‘Use Cases and
RTM’, with 15.38% of students preferring it. Only a small
percentage of students indicated no improvement with either
tool, with 7.69% for ChatGPT and 9.52% for Copilot.
Overall, the findings highlight that Use Cases were the most
effective and preferred testing area for both tools, while other
generated artifacts of RTM, Test cases, and Test Scripts also
showed notable confidence.

Figure 7c demonstrates that both ChatGPT and Copilot
are largely perceived as moderately effective in generating
responses compared to manual methods, with most partic-
ipants assigning a neutral rating of 3 (61.90% for Copilot
and 61.54% for ChatGPT). While dissatisfaction levels are
similarly low for both tools (14.28% for Copilot and 15.39%
for ChatGPT with ratings of below 3), Copilot slightly edges
out ChatGPT in positive perceptions, with 23.08% of students
rating it as effective or strongly effective (4 or 5), compared
to 22.22% for ChatGPT in the same range. ChatGPT also
received one ‘strongly agree’ rating (5), which was absent
for Copilot. These results suggest that while both tools are
generally viewed as moderately useful, Copilot may have a
marginal advantage in student satisfaction.

The findings from Figure 8a highlight differences in the
aspects identified as missing between preparatory testing
artifacts generated by ChatGPT and those supported by
Copilot when compared to manually created artifacts. For
Question 4, keywords were mapped to categories such as
‘Non-Functional’, ‘Features’, and ‘Test Steps’. The keyword
‘Features’ refers to test cases missed related to application
functionalities, representing gaps in the students’ manually
created artifact submissions. Both tools demonstrated a
strong focus on non-functional testing aspects, either explic-
itly or through specific attributes.

The keyword ‘Non-Functional’ explicitly accounted for
23.08% of responses for ChatGPT and 28.57% for Copi-
lot. Additionally, students identified specific non-functional
attributes such as usability, scalability, performance, privacy,
and data protection, all of which fall under the umbrella
of non-functional testing. ChatGPT responses emphasized
gaps related to features (15.38%), details (15.38%), and data
(15.38%), indicating a broader representation of missing
aspects. In contrast, Copilot focused more heavily on
performance (23.81%) and features (28.57%). Notably, more
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FIGURE 7. Aggregated results for Questions 1, 2, 3 where the count-based approach was used for evaluation.

ChatGPT users reported no missing aspects (‘None’ at
30.77%) compared to Copilot users (19.05%). These findings
suggest that both tools effectively identify non-functional
testing gaps, but they differ in their representation, with
ChatGPT highlighting broader aspects like features and
details, while Copilot focuses more specifically on perfor-
mance and feature-related deficiencies.

Figure 8b highlights the distinct strengths of Copilot
and ChatGPT in assisting with testing tasks. Copilot’s
standout feature was ‘Test Case Generation Speed’, with
an overwhelming 85% of students identifying it as a key
advantage, emphasizing its efficiency in generating test cases
quickly. A smaller percentage (10%) appreciated its Ease of
Use, suggesting that while Copilot is primarily valued for its
speed, some students found it user-friendly as well. However,
other combined aspects, such as Test Case Accuracy and
Test Case Coverage’ or ‘Test Case Generation Speed and
Ease of Use’ received no preference, indicating that these
combinations were not impactful for students when using
Copilot.

In contrast, ChatGPT demonstrated a more balanced
distribution of strengths. While ‘Test Case Generation
Speed’ was also its most recognized feature (53.85%),
this was about two-thirds of Copilot’s performance in the
same category. Notably, ChatGPT had a strong showing in
‘Ease of Use’, with 15.38% of students highlighting this

aspect. Additionally, ChatGPT outperformed Copilot in ‘Test
Case Coverage’ (11.54% versus 5%) and received some
recognition for combined aspects like ‘Test Case Generation
Speed and Ease of Use’ (7.69%) and ‘Test Case Accuracy and
Test Case Coverage’ (3.85%).

Overall, these findings reveal that Copilot excels in speed,
making it the preferred tool for quick test generation, while
ChatGPT offers more versatile performance, balancing ease
of use and broader coverage. This indicates that the two
tools have complementary strengths to assist with preparatory
software testing artifact generation.

B. USING SENTIMENT ANALYSIS TO EVALUATE THE
RESULTS
Figure 9 presents the sentiment analysis of student responses
to the assigned questions. These open-ended questions were
designed to gauge students’ perceptions of utilizing LLM
tools for generating preparatory testing artifacts. Sentiment
analysis provides valuable insights into whether these tools
effectively meet student needs and whether they should be
incorporated into software testing courses to enhance learning
outcomes.

Figure 9a illustrates aggregated responses to Ques-
tion 6, which asked whether tools like ChatGPT and
Copilot could be beneficial additions to the testing process.
Most responses across both cohorts were positive, with
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FIGURE 8. Aggregated results for Questions 4 and 9 where the count-based approach was used for evaluation.

only one neutral sentiment and no negative responses.
This overwhelmingly positive sentiment underscores the
perceived value of integrating these tools into testing
practices.

Figure 9b depicts student opinions on whether the
manual process of generating preparatory testing artifacts
is still necessary. ChatGPT and Copilot both elicited high
percentages of positive responses, with 88.46% (23 out
of 26 submissions) for ChatGPT and 95.24% (20 out of
21 submissions) for Copilot. Neutral responses accounted for
11.54% (3 out of 26) for ChatGPT and 4.76% (1 out of 21) for
Copilot, while negative responses were nonexistent for both

tools. These results suggest that while LLM tools are highly
appreciated, students still recognize the importance ofmanual
processes in specific contexts.

Figure 9c summarizes responses to Question 10, which
asked students about their views on integrating ChatGPT
or Copilot into testing practices. The results show strong
positive feedback for both tools. Copilot received 20 positive
responses out of 21 (95.24%), while ChatGPT had 23 positive
responses out of 26 (88.46%). Neutral feedback wasminimal,
with 1 response (4.76%) for Copilot and 3 responses
(11.54%) for ChatGPT. No negative feedback was recorded
for either tool.
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FIGURE 9. Aggregated results for Questions 6, 8, and 10, analyzed using sentiment analysis.

These results highlight that both LLM tools are seen
as valuable additions to testing practices. Copilot’s slightly

higher percentage of positive responses might be because it
was used with a well-documented open-source project, which
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helped students create more effective prompts. On the other
hand, ChatGPT’s responses may have been influenced by its
more general-purpose design. This suggests that providing
clear documentation and resources can improve the use of
LLM tools, although further research is needed to confirm
this in different scenarios.

While the findings suggest that both tools have their
strengths, the limited data prevents drawing definitive
conclusions. Copilot appeared to create a stronger positive
impression, potentially due to its use with well-documented
open-source material, while ChatGPT showed consistent
support across varied scenarios. These results indicate the
potential of both tools to complement each other in enhancing
the software testing process, but further studies are needed to
validate these observations.

C. ANALYSIS USING THEMATIC APPROACH
Figure 10 demonstrates the result of when thematic analysis
was employed to categorize and interpret responses to open-
ended questions. The process involved extracting specific
rows from a database andmatching keywords in the responses
to predefined thematic categories. This method facilitated the
identification of patterns and insights within the qualitative
data, providing a structured framework for interpretation.

As shown in Figure 10a, for Question 5, responses were
categorized into themes that highlighted the feasibility and
applicability of test cases. The following keywords were
mapped to the corresponding themes:

• will not be needed, do not require, did not seem useful,
it is not required, falls in this category → Not Required
for this application

• may not be applicable, not familiar, incorrectly identi-
fied, irrelevant, wrong information, not part of, search
for places → Irrelevant Features

• nonfunctional, non-functional→Nonfunctional Testing
Resource Constraint

• cases will not apply, beyond scope, out of scope,
not applicable, assumed functionality, some are not
completely → Out of Scope

• functions are not there, is not found, search for places,
I don’t think is feasible, not be feasible, missing,
not available, not included in the module, lacks, not
implemented, not present, not feasible → Features Not
Available

• none that does not fall into this category, generated
all the correct test cases, feasible, helpful, useful,
applicable, provides direction → Feasible or None

• details → Lacking Details to Implement
• test cases require special software, not feasible, time
constraints, limited resources, specialized hardware,
cannot test → Testing Resource Constraints

The analysis revealed that both ChatGPT and Copilot
occasionally generate test cases that are not feasible or
applicable. For Copilot, the most common issue was creating
test cases for features not available (11 instances), despite

having access to structured resources like user manuals,
which likely contributed to its ability to produce some
feasible test cases (4 instances). ChatGPT also struggled with
unavailable features (8 instances) but outperformed Copilot
in generating feasible test cases (8 instances compared to
Copilot’s 4). These results highlight that while access to user
manuals may help align outputs in some cases, both tools
still show a tendency to hallucinate features or misinterpret
application boundaries, emphasizing the need for clearer
input and human oversight during use.

Figure 10b shows responses to Question 7, which examines
what students identified as missing in their submitted test
cases compared to the generated test cases from LLMs.
The responses were analyzed by categorizing keywords into
themes related to different types of testing. The keywords
mapped to the corresponding themes are as follows:

• non-functional → Non-functional tests
• performance → Performance tests
• security → Security tests
• compatibility → Compatibility tests
• edge case, boundary → Edge cases
• usability, accessibility → Usability/accessibility
• import, export, data → Data
• additional test cases, in the area functional, coverage for
buttons → Functional tests

• covered more, comprehensive → Coverage comparison
• steps to reproduce, description → Additional details/
structure

•

The thematic analysis of Question 7 shown in Figure 10b
provides insights into how participants perceived ChatGPT
and Copilot in the context of testing-related tasks. The
findings reveal notable differences and similarities in the
tools’ perceived strengths and areas of focus.

For ChatGPT, the most frequently mentioned category was
Non-functional Tests (6 mentions), indicating that students
found these types of test cases lacking in their submissions
compared to ChatGPT’s outputs. Categories like Security
Tests (3 mentions), Usability/Accessibility (3 mentions), and
Functional Tests (3 mentions) also stood out, highlighting
ChatGPT’s perceived ability to address user-centric and
functional aspects. Other themes, such as Edge Cases
(2 mentions), Data Management (2 mentions), and Coverage
Comparison (2 mentions), were less frequently identified
but still noteworthy. A significant portion of responses
(13 mentions) fell into the ‘None’ category, suggesting that
many participants did not perceive specific types of missed
test cases when comparing their work to ChatGPT’s outputs.

For Copilot, the most frequently mentioned categories
were Data (5 mentions) where students missed adding data
input in their test scripts, and Performance Tests (5mentions),
reflecting its perceived strength in handling data-related
and performance-focused test cases. Non-functional Tests
(5 mentions) and Coverage Comparison (4 mentions) were
also notable, highlighting Copilot’s ability to identify gaps
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FIGURE 10. Results obtained from Questions 5, 7, and 11 where the thematic approach was applied.
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and provide broader test coverage. Categories like Security
Tests (3 mentions), Edge Cases (2 mentions), and Func-
tional Tests (1 mention) were less common, suggesting
fewer overlaps with these types of test cases. Additionally,
Copilot received 3 mentions for Additional Details/Structure,
a unique category that reflects its ability to generate more
structured and actionable test cases. Only 6 responses fell into
the ‘None’ category, indicating that Copilot’s outputs were
more frequently seen as supplementing students’ submitted
test cases.

Overall, the findings suggest that students most frequently
missed non-functional test cases in their submissions,
as highlighted by both tools’ outputs. ChatGPT demonstrated
strengths in generating a variety of non-functional test
cases, including usability, security, and performance testing,
reflecting its broader analytical capabilities. Copilot also
addressed non-functional testing effectively but stood out
by generating test cases with detailed data inputs, which
is a critical aspect of comprehensive testing. Both tools
showed comparable utility in areas like security testing and
edge case identification, though neither tool dominated these
categories.

Question 11 examines students’ views on whether AI
tools like ChatGPT and Copilot can replace human effort in
software testing tasks. This question had two parts where at
first, students were asked if they think AI can replace humans
in generating these preparatory testing tasks (answered with
a ‘yes’ or ‘no’), and second, they were asked to provide
justifications for their responses. Figure 10c summarizes the
results of this question using two different approaches. The
left-hand figure presents a count-based analysis of the ‘yes’ or
‘no’ responses. In contrast, the right-hand figure categorizes
the justifications into thematic groups based on the following
keywords:

• supplement, complement → AI as a Supplement
• human, expertise → Human Oversight Required
• limitations, lacks context, missing details, wrong infor-
mation, hallucinate → AI Limitations

• efficient, speed → AI Advantages
• not accurate, not relevant, not in context → Accu-
racy/Relevance Concerns

• understanding issues, misunderstanding→Understand-
ing Concerns

• quality assurance, validation required, human validation
→ Quality Assurance/Validation

• guidance needs prompting, user guidance → Guidance
Requirement

For ChatGPT, all 26 responses indicated False, show-
ing strong agreement that ChatGPT cannot fully replace
human involvement. This reflects a strong skepticism about
ChatGPT’s current capabilities in independently handling
tasks like creating test scripts, use cases, and related outputs.

For Copilot, 20 responses were marked as False, while
only 1 response indicated True. Although this suggests
slightly more confidence in Copilot compared to ChatGPT,

most participants believe that Copilot, like ChatGPT, cannot
replace human effort entirely.

When examining themes, the most frequently men-
tioned category for both tools was Human Oversight
Required. ChatGPT had 26 mentions, and Copilot had
16 mentions, emphasizing the necessity of human exper-
tise to ensure accuracy, relevance, and quality. This
underscores a shared belief that these tools are not yet
self-sufficient.

Under AI Limitations, both ChatGPT and Copilot received
only 1 mention each, indicating that participants acknowl-
edge some constraints, such as lack of context or accuracy,
but do not see these as dominant issues. Conversely,
AI Advantages revealed a significant difference: Copilot had
6 mentions, whereas ChatGPT had just 1. This suggests that
Copilot is perceived as offering more benefits, particularly in
terms of efficiency and speed.

Concerns about Accuracy/Relevance were raised once for
ChatGPT but not for Copilot, reflecting a minor worry
about ChatGPT’s ability to produce precise outputs. The
Quality Assurance/Validation theme received 2 mentions for
ChatGPT and 1 for Copilot, reinforcing the idea that human
validation remains essential for both tools to ensure output
quality.

The theme AI as a Supplement received just 1 mention
for Copilot and none for ChatGPT, indicating minimal
recognition of these tools as effective complements to human
efforts. Finally, Guidance Requirements were not prominent
themes with only a single mention of Copilot under Guidance
Requirement, suggesting these were not significant concerns
for participants. Since every response fell into categories into
one of the given themes, this figure did not show a ‘None’
category.

These findings indicate that students do not believe AI
tools like ChatGPT or Copilot can fully replace human
effort in preparatory software testing tasks. However, they
recognize the value these tools bring, particularly in faster test
generation, creating RTMs, and developing test cases. While
these tools have limitations, they can enhance manual testing
efforts by providing a foundation for brainstorming and
offering templates for comparison, ultimately empowering
testers rather than replacing them.

VI. ANALYSIS AND DISCUSSION
This study builds upon prior research [14] that evaluated
ChatGPT’s role in generating preparatory testing artifacts for
a proprietary travel application. The earlier study focused on
two specific questions: which areas ChatGPT outperformed
manual, group-generated artifacts, and which aspects of
ChatGPT-assisted testing were most beneficial. That study
involved 26 students from a single cohort, who used ChatGPT
to generate testing artifacts for the custom Travel application.
ChatGPT demonstrated strengths in test case generation
speed and was particularly effective in generating Use Cases,
followed by RTM and Test Cases.

46086 VOLUME 13, 2025



S. Haldar et al.: Exploring the Integration of Generative AI Tools in Software Testing Education

A. COMPARATIVE ANALYSIS WITH PRIOR STUDY
This study revisits the same set of responses from the
26 students in the earlier research but expands the analysis to
cover all 11 questions, including the original two, to allow for
a more comprehensive understanding. Additionally, it intro-
duces a comparative element by incorporating responses from
a second cohort of 21 students who took the course in the
subsequent semester. This second cohort used Copilot to
generate testing artifacts for the MoneyManager application,
a different but equally practical context with multiplatform
capabilities, which made it a suitable candidate for software
testing education.

When comparing findings from Question 2 in this study to
the earlier work (Figure 7b), Use Cases remained the dom-
inant artifact across tools. Similarly, as shown in Figure 8b,
‘test generation speed’ continued to be the most significant
benefit observed for Copilot, mirroring ChatGPT’s results.

While the earlier study did not analyze the remaining
nine questions, this study expands the scope by examining
responses to all 11 questions and incorporating Copilot for the
first time. The analysis revealed that non-functional testing
was a critical area where testers missed the most test cases
in their manual submissions, along with the necessary data
for those test cases. For both LLM tools, manual validation
was required to address inaccuracies and ambiguities in the
outputs.

This study also introduced a comparative element, with
Copilot being exclusively used for open-source applications
and ChatGPT applied to the customweb-based travel applica-
tion. The earlier study noted concerns about sharing sensitive
information when teaching with proprietary applications,
as ChatGPT might potentially use such data for training.
Using open-source applications mitigated this risk, as they
inherently avoid issues related to sensitive information,
offering a safer alternative for educational purposes.

B. RESPONSE TO RESEARCH QUESTIONS
The results obtained in this study address the research
questions mentioned:

RQ1: Can a single teaching approach be effective for all
testing types, or should different contexts have specialized
methods?

The students applied various testing methodologies tai-
lored to the applications they tested, despite differences in
cohorts, semesters, tools, and testing contexts. The teaching
approach remained consistent, introducing concepts through
theoretical lectures, reinforcing understanding through group
work and in-class exercises, and allowing independent
exploration. Minor adjustments, such as the inclusion of
multiplatform testing, ensured relevance across diverse
contexts.

Despite these variations, students demonstrated the abil-
ity to critically analyze both manual and AI-generated
artifacts and identified common strengths and limita-
tions of tools when compared to the manual process of

generating preparatory testing artifacts. For both ChatGPT
and Copilot, students highlighted ‘test case generation speed’
as the most advantageous factor, alongside other benefits
like ‘data handling’ and ‘feature identification’. Notably,
students testing open-source applications expressed higher
satisfaction with Copilot, as its outputs better aligned with
application requirements. However, this observation, based
on limited data, warrants further validation with larger,
more diverse samples. The exercise also revealed limitations,
such as hallucinated test artifacts labeled as ‘Features Not
Available’ underscoring the importance of human validation
when integrating AI tools into testing practices. Additionally,
this exercise gave students a practical understanding of
how AI can be integrated into real-life testing solutions,
bridging the gap between theoretical knowledge and real-
world applications. This consistency across different settings
validates the effectiveness of a universal teaching framework
with minor contextual tweaks.

RQ2: What role should AI-based testing play in the
curriculum, and how should it be implemented?

The study suggests that integrating AI-based testing into
capstone projects, rather than as standalone courses, provides
students with real-world exposure. This integration allows
students to balance foundational manual testing techniques
with AI-assisted approaches, fostering critical thinking
skills. Comparative student responses revealed a moderate
effectiveness rating of 3 (on a scale of 1 to 5) for both Copilot
and ChatGPT, with Copilot generating artifacts that better
aligned with project requirements. This indicates that while
AI-based testing holds promise, it should be implemented as
a complementary component, ensuring that students develop
both technical and critical evaluation skills rather than relying
solely on automated tools.

RQ3: Does incorporating LLMs into testing education help
students develop skills that align with industry needs?

This study demonstrates that incorporating LLMs into
testing education provides a balanced opportunity to develop
both soft and technical skills. According to Hamid and
Ikram [51], the industry prioritizes problem-solving, critical
thinking, and technical skills in novice testers. Exercises
involving open-source applications equipped students with
practical, industry-relevant skills by bridging theoretical
knowledge with real-world testing scenarios. However, the
thematic analysis revealed limitations such as ‘Out of Scope’
functionalities in AI-generated outputs, emphasizing the
importance of human oversight. Additionally, integrating AI
into the curriculum in a way that complements foundational
learning ensures students can critically assess and utilize AI
tools, aligning their skills with industry demands.

VII. THREATS TO VALIDITY
The scope of this study was limited to two specific AI
tools and a dataset collected from 47 students across
two semesters within the context of a software testing
course. While the findings provide valuable insights, they
are influenced by the specificity of the dataset and the
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educational context in which it was collected. The tools
used, ChatGPT and Copilot, represent popular subsets of
LLM tools; however, other Generative AI technologies exist,
and future work could extend this analysis to evaluate their
effectiveness in similar contexts. Further research is needed
to explore the long-term impacts of AI tool integration on
student learning and performance. Expanding the analysis to
include additional tools, larger datasets, and diverse appli-
cation domains could enhance the generalizability of these
results.

The evaluation strategy combined count-based, thematic,
and sentiment analyses. Sentiment analysis utilized the
VADER tool from the NLTK library, applied uniformly
across all questions to standardize the framework and
ensure reproducibility. While effective for general sentiment
evaluation, VADER may not fully capture nuances specific
to the software testing domain, potentially leading to
gaps in context-specific sentiment interpretation. Count-
based analysis systematically identified patterns but may
have overlooked relevant keywords outside the predefined
framework. Thematic analysis provided meaningful insights
by grouping data into categories, but it relied on human
interpretation, which can introduce subjectivity.

Despite these limitations, careful review was conducted
to ensure no critical aspects were excluded from the study.
The combination of these techniques offered a balanced
approach, capturing both quantitative and qualitative insights.
Future studies should consider integrating domain-specific
sentiment analysis tools and expanding the scope to other
Generative AI technologies to improve the granularity and
comprehensiveness of AI tools’ evaluation in software testing
education.

VIII. CONCLUSION
This study demonstrates the potential of AI tools like
ChatGPT and Copilot to enrich software testing education
by bridging theoretical learning with practical, tool-driven
exercises. Such integration prepares students for real-world
challenges while fostering critical technical and analytical
skills. The findings underscore the importance of comple-
menting AI tools with human expertise to ensure the accuracy
and relevance of testing artifacts.

The overall teaching approach in the course combined
theoretical lectures, group activities, in-class exercises,
and independent assignments, providing students with a
well-rounded framework to explore how a software testing
project is conducted within a real-world scenario. Within
this structure, an exercise was designed to critically compare
manual and AI-generated test artifacts, allowing students
to evaluate the strengths and limitations of AI tools in
practical settings. Spending the first 9 weeks creating
manual artifacts enabled students to build a solid theoretical
and practical foundation before evaluating AI-generated
artifacts.

From this study, it was observed that open-source programs
provided a slight advantage by offering more accessible

information for crafting effective prompts for LLMs, par-
ticularly when using Copilot. While this highlights the
potential benefits of structured and comprehensive input,
further validation is required to confirm these findings across
broader contexts.

To advance the pedagogy of software testing education,
integrating AI tools into structured exercises offers an
innovative approach to teaching emerging technologies.
By emphasizing the iterative process of generating, eval-
uating, and refining artifacts, educators can help students
develop the critical thinking and adaptability needed to
navigate evolving industry demands.
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