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Abstract: With the rapid development of Al-based tools, such as ChatGPT and GitHub Copilot, the desire
to explore them and evaluate their usability is also developing, to use their capabilities to make human
work more efficient. The purpose of this paper is to assess whether ChatGPT and GitHub Copilot can
generate precise, correct, and enough test cases based on requirements, to help and encourage the software
testing community to use these Al-based tools. This paper compares the answers of both Al-based engines
and offers a brief overview of the test cases generation capabilities.
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1. INTRODUCTION

In the last few years, Al-based assistants have
gained popularity, and they are getting even
more popular every day, becoming of great help
in software engineering [1]. Al has a growing
key role in the software quality testing industry,
with multiple benefits covering many areas [2].
A special place is occupied by generative
artificial intelligence, which is, according to [3],
a “branch of Al focused on models that create
new content”, and has multiple usages, including
generating text, ideas, and data used in different
areas of interest, being a great opportunity also
for the testing of software products quality
aspects. Besides generative Al, other types of Al
categories can be applied in software testing,
with great benefits, as described in [4] and [5].
Comparative studies have shown that Al has
proved to be an effective instrument in multiple
areas of software development, automation-
based testing, test cases prioritization [6] and
regression testing [7] but with a less focus on
requirements-based testing, as will be presented
in the “Related work™ section. This paper aims
to complement the studies on the usage of Al in
requirements-based  software  testing by
addressing the generation of test cases based on
requirements.

The application field of this study mainly
involves testing the quality of software products,
in requirements-based testing environments,
which are present in a variety of industries. The
paper also evaluates the capability of Al tools to
understand a requirement, generate a reasonable
number of test cases based on a problem, and
categorize answers when requested. These
topics can be applied and used in other fields
than software testing.

This paper is organized as follows. Section 2
presents related work and discusses the
problems that exist associated with the
generation of code and test cases using Al
assistants. Section 3 presents the research
questions, the design of the experiment, and the
construction of the dataset. Section 4 presents
the results of the experiment and discussion on
the topic. Section 5 presents the study
limitations, encountered problems, and future
research, followed by the conclusion of the
study, in section 6.

2. RELATED WORK

Agnia S. et al. conducted in [1] a study based on
opinions collected from an impressive number
of programmers, regarding multiple topics,
including: “(a) implementing new features, (b)
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writing tests, (c) bug triaging, (d) refactoring,
and (e) writing natural-language artifacts, as
well as their individual stages.”, and providing
an overview of the LLMs’ popularity and usage.
Davide T. conducted in [8] an empirical
evaluation (“through systematic observation,
experimentation, and experience in real-world
coding problems”) of 3 different Large
Language Model (LLM) Engines, to compare
the generated source code for 3 complex coding
problems, by evaluating its correctness and
quality. A similar approach is described in [9],
in which it is evaluated the “ChatGPT’s usability
as a code generation tool”.

Sajed J. et al. conducted in [10] a study based on
the ability of ChatGPT to answer questions
correctly and to provide correct explanations,
but also evaluating how correct the generated
answer-explanation pairs are.

Yihao L. et al. [11] conducted an evaluation of
Large Language Models (LLMs) in the software
testing field, with a focus on “test case
generation, error tracing, and bug localization
across twelve open-source projects”, concluding
that LLMs can be effective in detecting errors,
but their answers need to be carefully reviewed
by a human. The study also provides a generous
description of the used methods and offers
important  information and  conclusions
regarding the LLMs in software testing.

A. Millam and C. Bakke offer, in [12], an
interesting overview regarding the use of Al by
programmers, how the Al technology can be
improved, and considers ethical issues when it
comes to Al. The Al used in the study are
ChatGPT and Bing Chat, which “were asked the
same question, their responses were recorded
and the percentage of each chatbot’s code that
was extraneous was calculated.”. Based on this
methodology, qualitative factors were calculated
and presented in the paper.

M. Staron et al. provide in [13] an overview of
the recent research on testing, debugging, and
log analysis using Al tools by analyzing the
papers on these topics presented at two
conferences, and concluding how useful can be
the generative Al tools, such as Stable Diffusion
and ChatGPT.

Shreya B. et al., in [14], investigate the
effectiveness of Large Language Models in the
context of unit test script generation, and “how

the generated test cases compare with those
generated by an existing unit test generator”,
concluding that both tools demonstrate very
similar results, with no significant differences.
In a similar manner, Jacob H. and Demian F., in
[15], and Maurizio L. et al. in [16], focus on the
task of generating test cases for mobile
applications [15] and web end-to-end testing in
[16], using artificial intelligence tools, providing

measurements for their feasibility and
effectiveness.
3. METHODOLOGY

3.1 Research questions

This paper aims to answer 3 research
questions:
RQ1. Which one offers better test cases,
ChatGPT or GitHub Copilot?
RQ2. To what extent can testers rely on Al
assistants to help in creating test cases based on
requirements?
RQ3. Which one is more suitable for the
software testing activity? ChatGPT or GitHub
Copilot?

3.2 Design of the experiment and construction
of the dataset

This paper aims to offer an overview of the
ChatGPT [17] and GitHub Copilot [18]’s
capabilities to generate test cases based on
requirements, which consist of a set of problems,
separated into distinct chapters, as follows:
Working with lists, Arithmetic, Logic and codes.
The source of the problems is Werner Hett’s set
of 99 Prolog problems [19], a well-known set of
programming problems, more precisely the first
3 sections, with small adaptations to make the
problems more general.

A total of 43 problems were selected for this
experiment (PO1 — P50), and only one problem
was excluded (P13) due to redundancy.
Problems P29-30 and P42-45 don’t exist in the
set of problems. Then, 2 popular Al engines
were selected to conduct the experiment:
ChatGPT and GitHub Copilot, as they have been
evaluated as invaluable assets and achieved
great rates of success in other studies [1][8]. For
each of the problems, ChatGPT and GitHub
Copilot were asked 3 times each to: “Generate
the most representative test cases for the



following requirement, mentioning the used
testing technique: ...” followed by the problem’s
text and its correspondent number (PO1, P...),
and then asked to evaluate its confidence level:
“Rate the confidence level of your response,
from 1 (being the lowest) to 10 (being the
highest).”, after the Al assistant answered to the
first issue. The confidence query was applied in
similarly in [10] and was adopted in this study to
discover if there is any correlation between the
correctness of the answer with the self-
evaluation grade. A total number of 258
interrogations resulted from this (129 for
ChatGPT, 129 for GitHub Copilot). Each query
was made in a separate chat, in order not to
influence the response for a problem, using the
previous responses. More problems were
interrogated in the same chat only when they
were dependent on each other, using the same
interrogation  structure  presented earlier
(question — answer — self-evaluation request —
answer). The same GPT model was used for the
interrogations, on both ChatGPT and GitHub
Copilot: GPT-40. The results of the
interrogations were saved and can be provided at
demand.

4. RESULTS AND DISCUSSION

The results of the interrogations were
analyzed and synthesized and will be briefly
presented as follows.

From a total number of 43 problems, 129
interrogations for each Al engine, resulted in
1403 test cases generated by ChatGPT, and 953
test cases generated by GitHub Copilot. These
test cases were subjectively evaluated one by
one by the author, verifying their correctness and
input — expected output consistency, structure of
the response, and common test cases for 3
interrogations. A summary of the results is
presented in Table 1 — Results of the experiment.

Table 1
Results of the experiment
GitHub
ChatGPT Copilot
Total number of 43 3
problems
Tlotal numl?er of 129 129
Interrogations
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Total number of

generated test cases 1403 953

Average number of
generated test cases per
problem

10.88 7.39

Average delta (max no.
of generated TCs — min
no. of generated TCs,
per problem)

4.02 221

Correct and complete

1395 952
test cases

Specific test cases —
input and expected 1403 940
output defined, values

General test cases — no
specific input and
expected output
defined, no values

Total number of
redundant test cases
(out of the total number
of generated test cases)

69 21

Average common test
cases (overall, for all 6 5
the problems)

Code suggestion (out
of the total number of 1 50
interrogations)

Self-evaluation average

9.00 9.45
grade

Self-evaluation
justification (out of the
total number of
interrogations)

For ChatGPT, out of 1403 test cases, 99.50%
(1396) were correct and complete, meaning that
the formulated testing scenario, the example
input, and the expected output are correct and
complete, and correctly respond to the
formulated requirement. The rest of the test
cases, which were classified as incorrect or
incomplete, had either missing expected output
or incorrectly calculated values for the expected
output. For GitHub Copilot, out of 953 test
cases, 99.9% (952) were correct and complete,
only one test case had the expected output
wrongly  calculated.  Overall, ChatGPT
generated more test cases than GitHub Copilot,
with an average number of generated test cases
per problem of approx. 11, in comparison with
approx. 7. In terms of redundancy, ChatGPT
generated more redundant test cases (repeated
tests or input and expected output that test the
same scenario), a percentage of 4.92%, in
comparison with 2.20% redundant test cases

126 114
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generated by GitHub Copilot. The number of
common tests generated by ChatGPT (6) is very
close to the number of common tests generated
by GitHub Copilot (5). The number of common
tests was evaluated by matching the tests that
test the same scenario among the 3
interrogations of each problem. Regarding the
code suggestion for each interrogation, only for
one interrogation, ChatGPT proposed a
sequence of test code, in comparison with
GitHub Copilot, which offered test code
suggestions for 50 of the interrogations, a fact
that highlights the code-oriented construction of
this Al engine. The self-evaluation average
grade and the justification of the grade don’t
offer much information. Overall, the self-
evaluation justification is very well-built and
covers valid arguments. Lower grades were
given by the Al engine when a greater degree of
uncertainty occurred in its answer.

Regarding the mention of the used testing
technique, ChatGPT provided a great variety of
testing methods for each interrogation, in
comparison to GitHub Copilot, which only
provided a few, popular testing methods.

ChatGPT - Testing techniques/approaches classification

Fig. 1. ChatGPT - Testing techniques/approaches
classification

GitHub Copilot - Testing techniques/approaches classification

Fig. 2. GitHub Copilot — Testing techniques/approaches
classification

The above figures present the number of
interrogations that use the specified testing
method/approach. Some testing methods are
general, such as “Black-box testing”, “White-
box testing”, and more are specific.

The most popular testing techniques used by
ChatGPT are Equivalence partitioning,
Boundary values analysis, Error guessing,
Performance/stress testing, Negative testing,
Edge case testing, Decision table testing, and
Exploratory testing, followed by other
techniques with a lower degree of usage. On the
other side, GitHub Copilot classifies the
generated test cases using Boundary values
analysis and Equivalence partitioning in most of
the cases, generalizing, this way, its answers be
suitable in more contexts.

Overall, both Al assistants offer comprehensive
test cases, with a high degree of correctness and
low rates of redundancy, prove a good
understanding of the requirements, and generate
appropriate test cases, with a high coverage of
scenarios, this way being considered very
helpful tools in the work of software testers, this
way answering the research questions RQ1 and
RQ2. Although, a minimum human review of
the generated answers is necessary. To answer
RQ3, considering the code orientation of
GitHub Copilot, this tool would be more
appropriate for automation software testing,
rather than manual testing. But when it comes to
approaching general testing scenarios, both Al
tools are suitable. Given the average delta (max
number of TCs — min number of TCs per
problem), it would be useful for a tester to
interrogate the Al multiple times for the same
issue, to cover as many scenarios as possible.

S. STUDY LIMITATIONS AND FUTURE
RESEARCH

The first limitation of the study related to the
use of a limited range of problem types. A future
improvement would be to include a greater
diversity of issues. Another issue might be
represented by the generality of the problems
provided to both Al tools, if the problems would
be more specific, and to be implemented in a
certain programming language, the Al tools
might offer more specific answers. Also, the
chapters referring to binary trees, multiway



trees, graphs, and miscellaneous problems, from
the same set of problems are intended to be
included in a future study, being of a higher
difficulty.

6. CONCLUSION

This study offers a summary of the topic of
test case generation based on general
requirements, with no references to any specific
programming language, using 2 popular Al
tools, ChatGPT and GitHub Copilot. The results
of the analysis are favorable for the software
testing area, with high rates of correctness and
completeness of the generated test cases and low
rates of redundancy, incompleteness, and
wrongness, and provide a favorable point of
view over the usage of Al in the field of software
products testing. Al can successfully contribute
to testing the quality of software products.
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ChatGPT vs GitHub Copilot — O evaluare a capacitatilor de generare a cazurilor de testare
bazate pe cerinte

Odata cu dezvoltarea rapida a instrumentelor bazate pe Inteligenta Artificiald, cum ar fi ChatGPT si GitHub Copilot, se
dezvolta si dorinta de a le explora si de a le evalua gradul de utilizare, cu scopul de a le folosi capacititile pentru a face
munca oamenilor mai eficienta. Scopul acestei lucrari este de a evalua daca ChatGPT si GitHub Copilot pot genera cazuri
de testare precise, corecte si suficiente pe baza cerintelor, pentru a ajuta si incuraja comunitatea de testare software sa
utilizeze aceste instrumente bazate pe Inteligenta Artificiald. Aceastd lucrare compara raspunsurile ambelor motoare
bazate pe Inteligenta Artificiala si oferd o scurtd prezentare a capacitatilor de generare a cazurilor de testare.
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