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Abstract

Background: Unit testing is essential in software development, ensuring the function-
ality of individual components like functions and classes. However, manual creation of
unit test cases is time-consuming and tedious, impacting testing efficiency and reliability.

Problem: Automated unit test generation tools such as EvoSuite and Randoop have
addressed some challenges, but they’re limited by language specificity and predefined al-
gorithms. Generative AI tools like ChatGPT and GitHub Copilot powered by OpenAI’s
GPT-3.5/4 offer alternatives, but face limitations like user input reliance and operational
inconveniences.

Solution: CodiumAI’s Codiumate IDE plugin aims to mitigate these limitations, making
code quality assurance easier for developers. This study evaluates Codiumate’s trustwor-
thiness in generating unit tests for the Python functions.

Method: We randomly selected thirty functions from OpenAI’s HumanEval dataset,
and wrote selection criteria for relevant test cases based on each function’s doc string to
evaluate Codiumate’s trustworthiness using metrics such as Relevance Score, false posi-
tive rate, and result consistency rate.

Result: Among all of the suggested test cases by Codiumate, 208 unit tests, which con-
sists of 48% of suggested test cases that were relevant. 70% of assertions from these test
cases strictly meet selection criteria, while the other 30% while relevant were selected
due to our basis and experience in software testing. The average false positive rate is
15%. Function groups that have higher Relevance Scores are non-mathematical nature,
and simple dependencies. High false positives arise in functions with string and float
parameters. All generated unit tests are syntax-error-free, with 20% fail and 80% passed
in all five test execution.

Conclusion: Codiumate demonstrates potential in automating unit test generation,
offering a convenient means to support developers. However, it is not yet fully reliable for
critical applications without developer oversight. Continued refinement and exploration
of its capabilities are essential for Codiumate to become an indispensable asset in unit test
generation, enhancing its trustworthiness and effectiveness in the software development
process.

Keywords: Codiumate, ChatGPT, trustworthiness, unit test, test case generation.

i





Acknowledgments

We would like to extend our gratitude to our supervisor, Nina Dzamashvili Fogelström,
for her invaluable guidance, support, and insightful feedback throughout the process of
crafting this thesis.

iii





Contents

Abstract i

Acknowledgments iii

1 Introduction 1
1.1 Background . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1

1.1.1 Trustworthiness in the Context of this Thesis . . . . . . . . . . . 2
1.2 Contribution . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 2
1.3 Scope . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 2

2 Research Questions 4

3 Related Work 6

4 Research Method 7
4.1 Theoretical . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 7
4.2 Empirical Method Selection . . . . . . . . . . . . . . . . . . . . . . . . . 7

4.2.1 Available Research Methodologies . . . . . . . . . . . . . . . . . . 7
4.2.2 Chosen Research Method . . . . . . . . . . . . . . . . . . . . . . . 8
4.2.3 Experiment Design . . . . . . . . . . . . . . . . . . . . . . . . . . 8
4.2.4 Procedure . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 8
4.2.5 Control Measures . . . . . . . . . . . . . . . . . . . . . . . . . . . 9

4.3 Data Collection Procedure . . . . . . . . . . . . . . . . . . . . . . . . . . 9
4.4 Operational Steps . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 10

4.4.1 RQ1: Relevant Test Cases . . . . . . . . . . . . . . . . . . . . . . 10
4.4.2 RQ2: False Positive . . . . . . . . . . . . . . . . . . . . . . . . . . 12
4.4.3 RQ3: Result Consistency . . . . . . . . . . . . . . . . . . . . . . . 12

5 Results and Analysis 13
5.1 Data Analysis Procedure . . . . . . . . . . . . . . . . . . . . . . . . . . . 13

5.1.1 RQ1 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 13
5.1.2 RQ2 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 15
5.1.3 RQ3 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 15

5.2 Results and Analysis . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 16
5.2.1 Answering RQ1 . . . . . . . . . . . . . . . . . . . . . . . . . . . . 16
5.2.2 Answering RQ1.1 . . . . . . . . . . . . . . . . . . . . . . . . . . . 17
5.2.3 Answering RQ1.2 . . . . . . . . . . . . . . . . . . . . . . . . . . . 20
5.2.4 Answering RQ2 . . . . . . . . . . . . . . . . . . . . . . . . . . . . 20
5.2.5 Answering RQ3 . . . . . . . . . . . . . . . . . . . . . . . . . . . . 24

v



6 Discussion and Validity Threats 25
6.1 Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 25

6.1.1 Relevance Score . . . . . . . . . . . . . . . . . . . . . . . . . . . . 25
6.1.2 Function Characteristics and Relevance Score . . . . . . . . . . . 25
6.1.3 False Positive Rate . . . . . . . . . . . . . . . . . . . . . . . . . . 26
6.1.4 Consistency of Test Execution . . . . . . . . . . . . . . . . . . . . 26
6.1.5 Our Study’s Limitations . . . . . . . . . . . . . . . . . . . . . . . 27

6.2 Validity Threats . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 27
6.2.1 Internal Validity . . . . . . . . . . . . . . . . . . . . . . . . . . . 27
6.2.2 External Validity: . . . . . . . . . . . . . . . . . . . . . . . . . . . 28

7 Conclusion and Future Work 29
7.1 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 29
7.2 Future Work . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 29

7.2.1 Exploring Additional Functionalities: . . . . . . . . . . . . . . . . 29
7.2.2 Larger Sample Size: . . . . . . . . . . . . . . . . . . . . . . . . . . 30
7.2.3 Trustworthiness Across Programming Languages: . . . . . . . . . 30
7.2.4 False Negative Rate Evaluation: . . . . . . . . . . . . . . . . . . . 30

References 31

A Results from Codiumate 33
A.1 RQ1: Sorted Relevance Score from Scenario One. . . . . . . . . . . . . . 34
A.2 RQ1.2 Relevance Scores From Scenario One and Scenario Two. . . . . . . 36
A.3 RQ2: False Positive Distribution Among Groups . . . . . . . . . . . . . . 37
A.4 RQ3: Result Consistency . . . . . . . . . . . . . . . . . . . . . . . . . . . 39

B Sample Functions, Selection Criteria, and Relevant Test Cases 40
B.1 Sample 1 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 40
B.2 Sample 2 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 43
B.3 Sample 3 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 45
B.4 Sample 4 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 48
B.5 Sample 5 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 50
B.6 Sample 6 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 52
B.7 Sample 7 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 54
B.8 Sample 8 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 56
B.9 Sample 9 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 58
B.10 Sample 10 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 61
B.11 Sample 11 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 63
B.12 Sample 12 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 65
B.13 Sample 13 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 68
B.14 Sample 14 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 70
B.15 Sample 15 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 73
B.16 Sample 16 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 76
B.17 Sample 17 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 80
B.18 Sample 18 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 83
B.19 Sample 19 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 90
B.20 Sample 20 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 94
B.21 Sample 21 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 98

vi



B.22 Sample 22 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 100
B.23 Sample 23 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 104
B.24 Sample 24 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 107
B.25 Sample 25 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 110
B.26 Sample 26 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 114
B.27 Sample 27 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 117
B.28 Sample 28 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 120
B.29 Sample 29 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 123
B.30 Sample 30 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 126

vii





Chapter 1

Introduction

In this chapter, you will gain an overview of the importance of unit testing, the challenges
it presents, the current solutions available, and the existing research gaps in this field.
Additionally, this chapter will outline the aim and objectives of this study, followed by a
discussion on its scope.

Traditionally, the design and implementation of unit tests have been time-consuming
and monotonous [7]. Thus transforming functional testing from a valuable opportunity
for quality enhancement into a cumbersome task [11] [19]. This led to the development of
automated unit test generation tools, such as EvoSuite [10], Randoop [16], JTExpert [18]
which primarily serve the Java programming language. However, these tools are typi-
cally restricted to specific programming languages and are constrained by their predefined
algorithms [11].

Many innovative tools like ChatGPT and GitHub Copilot, based on OpenAI’s Gen-
erative Pretrained Transformer (GPT) 3.5 and 4 large language models, have been in-
troduced in the field of generative artificial intelligence, offering a new approach to test
case design and test code generation offering the same quality as traditional automated
testing tools [11].

Despite their advantages in enhancing the efficiency and reliability of software devel-
opment, generative AI based tools, ChatGPT [11] and GitHub Copilot [22], encounter
limitations of their own. Being general-purpose tools, they are not specifically designed
for testing, and the quality of the generated unit tests depends on the user’s manual
input prompts. Additionally, using these tools may involve operational inconveniences,
such as integrating code with OpenAI’s application programming interface (API), incur-
ring costs for accessing GitHub Copilot, the process of copying code from your code editor
to ChatGPT and back to get the test codes.

1.1 Background

CodiumAI has developed a free to use Integrated Development Environment (IDE) plu-
gin named Codiumate which aims to unlock the power of OpenAI’s GPT-3.5/4 models to
streamline the process of code behavior analysis (unit test case design), test code gener-
ation and evaluation, it provides an all-in-one environment for minimizing the repetitive
task of designing, writing test code, and executing them. This tool is interesting be-
cause it is developed specifically for testing, it is free to use and convenient to use; it can
be used directly in text editors, such as, Visual Studio Code (VS Code) and JetBrains,
according to CodiumAI, the company behind Codiumate [8]. The statement in the pre-
vious sentence is not our ours; it is what CodiumAI claims, which sparked our interest

1



2 Chapter 1. Introduction

in evaluating the tool further.
Our goal is to investigate the trustworthiness of unit tests generated by CodiumAI

for the Python programming language. We evaluate factors like test quality, reliability,
and alignment with software requirements to provide insights into the effectiveness and
limitations of Generative AI-based unit testing tools.

1.1.1 Trustworthiness in the Context of this Thesis

Trustworthiness refers to the degree of confidence that developers can have in the AI-
generated unit tests. It encompasses the accuracy, reliability, and stability of the gener-
ated test cases, ensuring that they can be effectively integrated into the software devel-
opment life-cycle without introducing errors or inconsistencies [12].

Accuracy (Relevance Score): Accuracy is measured by the Relevance Score, which
assesses how well the generated test cases align with the expected behavior of the func-
tions. This metric ensures that the test cases are appropriate and meaningful, directly
reflecting the functional requirements [3].

Reliability (False Positive Rate): Reliability is captured by the False Positive
Rate, indicating how often the generated test cases incorrectly report defects. A low false
positive rate means that the tool is dependable and does not generate misleading error
reports, which is crucial for maintaining developer trust and minimizing unnecessary de-
bugging efforts [1].

Stability (Result Consistency Rate): Stability is evaluated through the Result
Consistency Rate, which measures the consistency of test outcomes across multiple exe-
cutions. High stability ensures that the generated tests are reliable over time and under
various conditions, supporting their integration into automated testing processes [4].

1.2 Contribution

This study contributes to understanding the role of Generative AI in software testing in
the context of Python programming language using Codiumate for unit testing.

1.3 Scope

Evaluation of Codiumate’s Code Behavior Analysis (Test Case Suggestions):

• Analyzing the relevance of test cases suggested by Codiumate based on behavior
coverage derived from function docstring and code implementation.

• Investigating the average Relevance Score of Codiumate’s suggested test cases across
various functions.

Factors Affecting Test Case Relevance:
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• Examining the impact of different function characteristics, including function type,
number of parameters, data types of parameters, average lines of code, and function
return type, on the Relevance Score of suggested test cases.

Comparison with Standardized Test Cases:

• Comparing the Relevance Score of Codiumate’s suggested test cases strictly to the
selection criteria manually crafted by the authors.

Assessment of False Positive Results:

• Determining the frequency of false positive results in unit tests generated by Codi-
umate to assess its reliability.

Consistency Analysis:

• Evaluating the consistency of outcomes produced by the generated code for unit
tests across multiple test executions to gauge the stability of Codiumate’s testing
approach.



Chapter 2

Research Questions

In this chapter, you will be introduced to the research questions and definitions guiding
our evaluation of Codiumate’s test case generation.

RQ1: To what degree are the test cases suggested by Codiumate relevant
to function requirements?

Definition of Test Case: Test cases are defined as specific inputs and procedures ap-
plied during software testing to verify the software’s behavior [17]. The importance of
selecting appropriate test cases is paramount, as noted by Patton [17] emphasizes that
the choice of test cases is a critical task in software testing, influencing the effectiveness
and efficiency of the testing process, moreover, improper selection can result in testing
too much, testing too little, or testing the wrong things.

Definition of Relevant Test Case: The details of a test case should explain exactly
what values or conditions will be sent to the software and what result is expected [17]. It
exercises a particular program path or to verify compliance with a specific requirement [5].
The relevance of a test case in this study is the extent to which the suggested test cases
by Codiumate align with and accurately reflect the expected behavior described in the
selection criteria that were generated by an author. In the same way, all the selection
criteria were based on the docstring of the functions under test, see an example in 4.2.
The function docstring represents the function’s requirement. From these, the selection
criteria will help both authors to validate and evaluate the suggested test cases generated
by Codiumate.

RQ1.1: Which function characteristics have an impact on the relevance of
test cases?

To grasp which factors impact the relevance of generated test cases by Codiumate, it’s
essential to analyze how attributes or characteristics of a function influence Codiumate’s
effectiveness in test case generation. By evaluating function characteristics such as func-
tion types (see details in 5.1, number of parameters and its type, average lines of code,
and the return data type. From these, we might be able to identify if there are any
relationships to the Relevance Scores, as it is not guaranteed and may require further
investigation or analysis.

A Relevance Score, acts as a metric used to assess how well the model’s results align
with the query. It’s a numerical value that reflects the extent to which the retrieved
information is applicable or pertinent to the user’s request [9].

4



5

RQ1.2: How does the Relevance Score for test cases suggested by Codi-
umate vary compared to test cases from the selection criteria crafted by a
developer?

Based on the test cases crafted by software developers, this research question aims to
evaluate the trustworthiness and relevance of the test cases generated by Codiumate. By
comparing the Relevance Scores, we can determine how well Codiumate’s suggested test
cases align with the expectations and requirements of developers

RQ2: What are the primary causes and implications of false positive results
in unit tests generated by Codiumate?

Definition of False Positive: It is a test result in which a defect is reported, although
no such defect exists in the test object [5]. In another word, a false positive is when a test
wrongly shows there is an error in the code even though the code works fine. Many false
positives have an impact on software reliability and code quality [6], which can reflex to
the reliability of Codiumate test case generation as well. By finding out the false positive
rates can help us evaluate the trustworthiness of Codiumate.

Definition of Unit Test: The testing of an individual software component [13]. Module
testing (or unit testing) is a process of testing the individual subprograms, subroutines,
classes, or procedures in a program [15]. In this study, unit tests are represented functions
in each relevant test case generated by Codiumate.

This research question not only seeks to quantify the frequency of false positives but
also aims to investigate the underlying reasons for these false positives and their impact
on the development process.

RQ3: How consistent are the outcomes produced by the generated code for
unit tests across multiple test executions?

Definition of Result Consistency: The use of consistency of test case results able to
express the stability of features or functionalities provided or offered in the software under
test [20]. Here, we can evaluate the stability attribute from the test outcomes generated
by Codiumate, emphasizing the importance of producing identical results from the same
test across multiple execution.



Chapter 3
Related Work

In recent years, there has been growing interest in the utilization of AI-driven tools
for code generation and software development tasks. GitHub Copilot, introduced as
an AI pair-programmer, has garnered attention for its ability to generate code snippets
based on context and user input. Our research is grounded in the foundational research
conducted by Yetistiren et al. [22], they examined the capabilities of GitHub Copilot
in code generation tasks in terms of validity, correctness, and efficiency. They found
that GitHub Copilot was able to generate valid code with a 91.5% success rate. For the
correctness, out of 164 problems, 28.7% were correctly generated, 51.2% were partially
correctly generated, and 20.1% were incorrectly generated [22].

While their study primarily scrutinized the quality of code snippets produced by
Copilot, we draw upon their insights as a foundation to explore a complementary yet
distinct facet of AI-driven development: unit test case generation.

Then another similar case study by Zhiqiang et al., conducted an empirical study to
evaluate ChatGPT’s capability of unit test generation [23] . They found that the tests
generated by ChatGPT still suffer from correctness issues, including diverse compilation
errors and execution failures. Even though, they were encouraged by that generating
unit tests with ChatGPT could be very promising if the correctness of its generated tests
could be further improved. Inspired by their findings above, they propose ChatTESTER,
a novel ChatGPT-based unit test generation approach, which leverages ChatGPT itself
to improve the quality of its generated tests. They focused on the quality of its generated
tests regarding the correctness, sufficiency, readability, and usability. Their findings in
effectiveness of ChatTESTER was that it generated 34.3% more compilable tests and
18.7% more tests with correct assertions than the default ChatGPT.

6



Chapter 4

Research Method

In this chapter, you will get an understanding of our research methodology for assessing
the trustworthiness of Codiumate’s test case generation. Our empirical investigation in-
volves data collection from various sources, including BTH’s library and online databases.
We also detail our approach to gathering and evaluating data used to answer our research
questions.

4.1 Theoretical

This research study was produced by gathering resources including literature reviews,
previous studies, and other sources of information in the context of this field. References
and citations for this research were gathered from below sources:

• BTH’s library

• Summon@BTH

• Scopus

• IEEE Xplore

• O’Reily

• Diva-portal

• Online articles

The keywords for the searching process are: AI, OpenAI, ChatGPT, Unit test, Test case,
Codiumate, CodiumAI, Copilot, Trustworthiness.
Most reference findings were from Scopus. Each keyword was used in both singular and
in combination in the searching process to find the relevance of ones.

4.2 Empirical Method Selection

4.2.1 Available Research Methodologies

In software engineering research, various methodologies are used to investigate phenomena
and derive insights from. Here’s a summary of some common research methodologies [21]:

7



8 Chapter 4. Research Method

Experimentation: This method involves investigating testable hypotheses by ma-
nipulating independent variables to measure their effects on dependent variables. Typ-
ically conducted in a limited scope, often in a lab setting, and with high degree of control.

Survey: Surveys collect information to describe, compare, or explain knowledge, at-
titudes, and behavior of a population. Usually, surveys involve gathering data through
interviews or questionnaires from a representative sample. Analyzing survey results yields
descriptive and explanatory conclusions generalized to the population.

Case Study: Case studies investigate contemporary software engineering phenomena
within real-life contexts. They draw on multiple sources of evidence to research specific
projects, activities, or assignments. Data collection throughout the study enables sta-
tistical analyses aimed at tracking attributes or establishing relationships. Case studies
offer lower control compared to experiments, but provide valuable insights into real-world
scenarios.

4.2.2 Chosen Research Method

The research method chosen for this study is experimentation. This approach system-
atically evaluates Codiumate’s trustworthiness in generating unit tests by manipulating
independent variables and observing their effects on the dependent variables.

4.2.3 Experiment Design

Independent Variables:

1. Function Characteristics: These include the type of function (e.g., mathematical
operations, data manipulation), the number of parameters, and the data types of
the parameters.

2. Test Case Generation Tool: The usage of Codiumate as the primary tool for gen-
erating unit tests.

Dependent Variables:

1. Relevance Score: This measures how well the generated test cases align with the
expected behavior of the functions under test.

2. False Positive Rate: This indicates the frequency with which the generated test
cases incorrectly identify defects.

3. Result Consistency Rate: This evaluates the consistency of test outcomes across
multiple executions.

4.2.4 Procedure

1. Selection of Functions: Thirty functions were randomly selected from OpenAI’s
HumanEval dataset. This random selection helps in minimizing selection bias and
ensures a diverse range of functions are tested.
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2. Criteria Establishment: Selection criteria for relevant test cases were established
based on the functions’ doc strings and expected behaviors.

3. Test Case Generation: Codiumate was used to generate unit tests for the selected
functions. The generated test cases were then evaluated against the established
criteria.

4. Measurement and Analysis:

(a) Relevance Score: Calculated by comparing the number of relevant test cases
suggested by Codiumate to the total number of suggested test cases.

(b) False Positive Rate: Determined by executing the test cases and identifying
how many of the failed tests were false positives.

(c) Result Consistency Rate: Evaluated by running the tests multiple times and
measuring the consistency of the outcomes.

4.2.5 Control Measures

To ensure the accuracy and reliability of the results, several control measures were im-
plemented:

1. Consistent Evaluation Criteria: A standardized set of criteria was used to
evaluate the relevance of the test cases, ensuring uniformity in judgment.

2. Multiple Test Runs: Tests were run multiple times to check for consistency in
results, thereby enhancing the robustness of the findings.

This case study aims to evaluate the relevance of test cases from two scenarios:
Scenario one: relates to RQ1, when the authors select the relevant test cases only

in text form suggested by Codiumate based on the function under test requirement, see
5.1.1.

Scenario two: relates to RQ1.2, when the authors strictly evaluate all assertions
within the selected test cases from the scenario one to see how many assertions matches
the expected test cases from selection criteria, see 5.1.1.2.

4.3 Data Collection Procedure

Preparation: To evaluate Codiumate’s trustworthiness, we follow the following proce-
dure where step one, two and three below are executed once.

Step 1. Extract functions and tests: We extract functions and their correspond-
ing unit tests from the HumanEval dataset [22] and store the result in our paper’s GitHub
repository.

Step 2. Randomly select 30 functions: Utilizing an online random number
generator, we randomly generated 30 unique numbers between 0 and 163. These numbers
correspond to the functions in the HumanEval dataset, which we used for our study.
The choice of 30 functions was based on our pilot test run of the data collection’s time
constraints, where we found it took approximately 30 minutes to test and gather data for
each function.
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Figure 4.1: Codiumate test feature is above the sample function.

Step 3. Write Unit Test Selection Criteria: After the selection of 30 functions
from HumanEval dataset, we wrote selection criteria which includes which unit tests
are required to verify the functionality of the functions based on their docstring of each
function as baseline. The selection criteria for each function from HumanEval dataset
will be used as a filter to decide if a suggested test case by Codiumate is relevant.See a
sample function with docstring in figure 4.1 and a sample of selection criteria in figure
4.2. Here, the test case selection process was performed by both authors.

4.4 Operational Steps

In the operational steps outlined below, outlines the steps we take to gather the data for
answering RQ1, RQ2, and RQ3 respectively.

4.4.1 RQ1: Relevant Test Cases

Step 4. Understanding the function: We start by reading the function’s doc-
umentation (docstring) and the README.md file as selection criteria. This helps us
understand what the function should do and how it should behave.

Step 5. Creating test cases: Using Codiumate’s Test this function feature, see
figure 4.1, we automatically generate different scenarios to test the function.

Step 6. Evaluating the tests cases:

• We record the total number of test cases suggested by Codiumate, see figure 4.3
under Total behaviors (yellow circled).

• From Behavior coverage section, which contains the suggested test cases, we
select the relevant test cases by clicking on the Generate test on the right side of
the line in figure 4.3 (green circled). We do this by comparing them to our selection
criteria.
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Figure 4.2: Selection Criteria for relevant test cases.

Figure 4.3: Codiumate plugin feature in IDE.
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• Finally, We record the number of relevant test cases suggest by Codiumate.

Measuring Success: We calculate Relevance Score (RS), for RQ1, to get the number
of relevance test cases were selected from the total suggested test cases by Codiumate.
This score is expressed as a percentage using the following formula:

• RS =
(

Number of relevant test cases from Codiumate
Total number of test cases suggested by Codiumate

)
× 100

4.4.2 RQ2: False Positive

Step 7. Generate Code:

• We proceed by generating code for the relevant test cases identified in RQ1.

• The process includes placing the test code into a separate file, following the naming
convention: function_<number>_test.py. This file is in the experiment result
directory.

Step 8. Evaluate the Generated Code for False Positive Result:

• We execute the tests and closely investigate the failed tests cases to check if they
are due to false positive rate (FPR).

• We note the following on the side:
– Time spent on data collection process for every selected sample:

– Failed Unit Tests

– Passed Unit Tests

Measuring Success: False positive rate is expressed as a percentage using the following
formula:

• FPR =
( Number of false positive results

Total number of relevant tests suggested by Codiumate

)
× 100

4.4.3 RQ3: Result Consistency

Step 9. Get Result Consistency: We execute the tests five times and observe if they
produce the same result. We then note both the number of changes, and the total test
runs to calculate the result consistency rate.

Measuring Success: Result Consistency Rate (RCR) is expressed as a percentage
using the following formula:

• RCR =
(Total test runs−number of changes

Total test runs

)
× 100



Chapter 5
Results and Analysis

In the first section of this chapter, you will get an overview of our analysis procedures we
applied to obtain the answers to our research questions, followed by the second section
which answers the research questions stated in this paper.

5.1 Data Analysis Procedure

5.1.1 RQ1

Research question 1:

To what degree are the test cases suggested by Codiumate relevant to function require-
ments?

We employ the formula outlined in 4.4.1 to calculate the Relevance Score, which serves
as our baseline for addressing the sub-questions for RQ1.

5.1.1.1 RQ1.1

Research question 1.1:

Which function characteristics have an impact on the relevance of test cases?

We sorted the collected data, see appendix A.2, in ascending order based on Relevance
Score and then divide them into four groups ranging from:

Group Relevance Score (RC) Range
1 0 ≤ RC ≤ 25
2 25 < RC ≤ 50
3 50 < RC ≤ 75
4 75 < RC ≤ 100

Table 5.1: Sorted groups of sample functions based on Relevance Scores.

This approach allows us to analyze any similarities among functions within these
groups and determine if the function characteristics introduced in RQ1.1 in chapter 2
impact the Relevance Score of the suggested test cases. By doing so, we aim to gain
insights into whether Codiumate tends to suggest more relevant test cases for certain
types of functions.

13
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Function ID is a number that we have assigned to each function from 1 to 30 whereas
Human Eval ID is the number of actual function in HumanEval dataset. These two IDs
act as a mapping tool to understand which the relationship of each function in appendix
A.2.

5.1.1.2 RQ1.2

Research question 1.2:

How does the Relevance Score for test cases suggested by Codiumate vary compared to
test cases from the selection criteria crafted by a developer?

Even if a specific test case doesn’t precisely fit our selection criteria, we may still con-
sider it relevant. To ensure that our experience and bias haven’t significantly skewed
the count of relevant test cases, we standardized the Relevance Score. This means that
only test cases containing assertions that match those listed in our selection criteria are
deemed relevant. We followed a structured approach to standardize the Relevance Score
Firstly, in the selection criteria, we arranged relevant test cases in numerical order and
categorized them into boundary types (based on boundary value analysis), typical values
(those usually expected as function arguments), and special test cases reflecting vari-
ous input-output scenarios. For instance, consider a function that takes a list of strings
and a substring as arguments, returning true if the substring exists in the list and false
otherwise. According to our criteria, a relevant test case would look like this:

Relevant Test Case:

• Input: ([’car’, ’boat’, ’plane’], ’plane’)

• Output: True

• Explanation: True is returned because ’plane’ exists within the list of strings.

Even if a test case doesn’t perfectly match the input-output specifics listed above but
falls within the same category and yields a similar expected output, it is still considered
relevant. For example:

Suggested Test Case:

• Input: ([’cat’, ’dog’, ’fish’], ’fish’)

• Output: True

• Explanation: The output is true since ’fish’ exists within the list of strings.

Moving on to the function_test_files where we store the Pytest code for relevant
test cases, we cross-reference each unit test against our selection criteria. We then tally
the number of matches, disregarding duplicate cases within the same category. The
Relevance Score is calculated by dividing the count of relevant test cases by the total
number of expected test cases



5.1. Data Analysis Procedure 15

5.1.2 RQ2

Research question 2:

What are the primary causes and implications of false positive results in unit tests gen-
erated by Codiumate?

To calculate the False Positive Rate (FPR), first, we arranged the collected data, see
appendix A.3, in ascending order based on the Metric Relevance Score Column from
RQ1. This ensured consistency in the order of functions between RQ1 and RQ2, match-
ing the Function ID and Human Eval ID.
Second, we segmented the sorted data into four groups, following the exact division in
5.1.1.1. This segmentation allowed us to analyze if any group exhibited a notably higher
False Positive Rate (FPR) and if there were any relationship between the groups identi-
fied in 5.1.1.1.
Third, we examined the relationship between false positives and various function char-
acteristics that are used in RQ1.1, being function types, the number of parameters,
parameter types, return types, and lines of code. This analysis involved investigating the
impact and relationships among each function characteristic and its complexity toward
the false positive rates.

Function ID is a number that we have assigned to each function from 1 to 30 whereas
Human Eval ID is the number of actual function in HumanEval dataset. These two IDs
act as a mapping tool to understand which the relationship of each function in appendix
A.3.

5.1.3 RQ3

Research question 3:

How consistent are the outcomes produced by the generated code for unit tests across
multiple test executions?

To calculate the Result Consistency Rate (RCR), we sorted the collected data, see ap-
pendix A.4, in ascending order based on the Metric Relevance Score Column from RQ1.
This ensured alignment between the function order in RQ3 and RQ1, preserving consis-
tency in Function ID and Human Eval ID.

Subsequently, we divided the sorted data into four groups, following the exact division
in 5.1.1.1. based on the relevance scores derived in RQ1. This segmentation allowed us
to examine if any of the groups exhibited inconsistency in results and whether there were
any relationships between the relevance score.

Function ID is a number that we have assigned to each function from 1 to 30 whereas
Human Eval ID is the number of actual function in HumanEval dataset. These two IDs
act as a mapping tool to understand which the relationship of each function in appendix
A.3.
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5.2 Results and Analysis

5.2.1 Answering RQ1

The Relevance Score for the suggested test cases under behavior coverage by Codiumate
has an average of 47.97%. This score varies from a minimum of 10.53% to 100%.

The average Relevance Score of 47.97% indicates that, on average, slightly less than
half of the test cases generated by Codiumate are relevant to the function requirements.
This suggests that while Codiumate is capable of generating some relevant test cases,
there is significant room for improvement in its ability to consistently produce test cases
that meet the function requirements.

The wide range in scores, from as low as 10.53% to as high as 100%, indicates vari-
ability in Codiumate’s performance. In some instances, Codiumate is highly effective,
producing entirely relevant test cases (100% relevance). However, in other cases, it per-
forms poorly, with a low relevance score of 10.53%. This variability suggests that the
effectiveness of Codiumate’s test case generation may depend on specific factors such as
the complexity of the function, the characteristics of the function, and the clarity of the
function requirements.

Overall, these findings highlight the potential of Codiumate to assist in generating
relevant test cases, but also underscore the need for further refinement and enhancement
to improve its reliability and consistency in generating functionally relevant test cases.

In Scenario One, we calculated the Relevance Score using the formula outlined in
section 4.4.1. in Figure 5.1, the mean Relevance Score is highlighted by the red rectangle,
while the smallest Relevance Score’s range is marked by the yellow rectangle, and the
largest Relevance Score’s range is indicated by the green rectangle.

Figure 5.1: Scenario One, Relevance Score.

In Scenario Two, we examined the relevant test cases selected from Codiumate. Our
approach strictly adhered to the predefined selection criteria. This step was crucial to
ensure that our personal experience didn’t influence the selection of relevant test cases
from Codiumate. Furthermore, Scenario Two aimed to validate the results obtained in
Scenario One, providing confidence in the accuracy and reliability of our findings, see
figure 5.2.
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Figure 5.2: Scenario Two, Relevance Score.

5.2.2 Answering RQ1.1

Among the five factors outlined in RQ1.1, only four factors—Function type, number of
parameters, parameter data types, and function’s return type exerted an influence on the
Relevance Score. Conversely, the average line of code (LOC) per group did not impact
the Relevance Score.

5.2.2.1 Function Type:

Among the five function types, Math (Pure mathematics calculation), filtering (Filters
Data without changing the original data), Evaluation (Evaluates if an input results to
true or false), Data Manipulation (Change the original data), and Algorithm (Sort, search
for data) Math exhibits a lower Relevance Score compared to Evaluation and Data Ma-
nipulation. Filtering and Algorithm function types show no discernible impact on the
Relevance Score; there are no apparent patterns indicating their influence.

As illustrated in figure 5.3, 87.5% of functions in Group 1 belong to the Math type,
whereas only 14.2% of functions in Group 4 are Math-type functions. This trend suggests
that Codiumate’s performance is weaker for Math-type functions as the Relevance Score
increases.

The lower Relevance Score for Math functions suggests that Codiumate may struggle
with generating relevant test cases for pure mathematical calculations. This might be
due to the abstract and complex nature of mathematical functions.

In contrast, there is no representation of Filtering functions in Group 1, nor in Group
4, indicating insufficient evidence to assess Codiumate’s performance for this function
type; no noticeable trend is observed.

For Evaluation function types, a clear upward trend is evident: the percentage of
Evaluation functions increases with higher Relevance Scores. For instance, no Evaluation
functions are present in Group 1, while 42.8% of functions in Group 4 are Evaluation
types, suggesting better performance by Codiumate for Evaluation functions.

Similarly, Data Manipulation function types also exhibit an upward trend: as the
Relevance Score rises, so does the percentage of Data Manipulation functions. For exam-
ple, no Data Manipulation functions are found in Group 1, while 36.5% of functions in
Group 4 fall into this category, indicating improved performance for Data Manipulation
functions by Codiumate.
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Conversely, there is no discernible trend for Algorithm function types. For instance,
12.5% of all functions in Group 1 are Algorithm types, while 12.2% of functions in Group
4 are of this type. This lack of consistent trend suggests insufficient evidence to evalu-
ate Codiumate’s performance for Algorithm functions. A larger sample size could have
provided more insight into Codimate’s performance for Algorithm function types.

Figure 5.3: Relationship between Relevance Score in sample groups and function char-
acteristics.

Analysis for function type:

5.2.2.2 Number of Parameters:

There is a weak relationship between the Relevance Score and the number of parameters,
as evidenced in figure 5.4 below. In Group 1, for instance, 62.4% of functions had two
parameters, whereas only 14.2% had two parameters in Group 4. Conversely, in Group 1,
only 37.5% of functions had one parameter, while in Group 4, 85.7% had one parameter.
This trend indicates that as the number of parameters decreases, the Relevance Score
may increase, but due to limited evidence we cannot conclude that the relevance score is
impacted by the number of parameters.

Figure 5.4: Relationships between sample groups and function with number of parame-
ters 1, 2, and 3 respectively.

5.2.2.3 Data Type of Parameter:

Among the three parameter data types, integer, string, and float. Integer exhibits a lower
Relevance Score compared to string and float data types.

As observed in figure 5.5, there is a downward trend in the percentage of integer
data types as the Relevance Score increases. For instance, 76.9% of total parameter data
types in Group 1 are integers, while only 37.5% of parameter data types in Group 4 are
integers. This trend suggests that Codiumate’s performance is weaker for functions with
integer-type parameters.

In contrast, there is an upward trend for string parameter types: as the Relevance
Score increases, so does the percentage of string-type parameters. However, there is a 25%
downward trend, indicating some variability. This suggests that Codiumate may perform
better for functions with string-type parameters, although there is some uncertainty.

Similarly, there is an upward trend for float parameter types: as the Relevance Score
increases, the percentage of float type parameters also increases. However, since no
float-type parameters are present in groups One and Three, a consistent upward trend
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is not observed. A larger sample size could have provided more insight into Codimate’s
performance for float type parameters.

Figure 5.5: Relationships between sample groups and function input types.

5.2.2.4 Average Lines of Code (LOC) per group:

There is no clear and consistent trend indicating whether the average LOC per group
has a significant impact on the Relevance Score. For instance, in figure 5.6 below, Group
1, which has the lowest Relevance Score, has an average LOC of six lines, while Group
2, with a higher Relevance Score, has an average LOC of 3.5 lines. One might initially
assume that the average LOC decreases as the Relevance Score increases. However, in
groups three and four, the average LOC per group increases.

This lack of consistent trend suggests that there is not enough compelling evidence
to determine if the average LOC has any notable impact on the Relevance Score. In
another word, the function characteristic that measured by the number of LOC does
not significantly impact the relevance of generated test cases. This suggests that the
Codiumate’s ability to generate relevant test cases is more influenced by the nature and
complexity of the inputs and outputs rather than the length of the code.

Figure 5.6: relationship between sample groups and average lines of code.

5.2.2.5 Function Return Data Type:

Among the four data return types (Integer, Boolean, String, and Float), there is only a
slight indication that Codiumate performs better for String return data types and worse
for Integer data types.

According to figure 5.7, 62.5% of the return types in Group 1 are Integer, while only
33.3% are in Group 2 and 3. One might assume that the Relevance Score increases as
the percentage of Integer data type decreases, but in Group 4, which has the highest
Relevance Score, 50% of the data types are Integer. This suggests that Codiumate might
perform better for functions that produce data types other than integers.

There is no clear and consistent relationship between the Boolean return type and
the Relevance Score. For example, 12.5% of the return types in Group 1 are Boolean,
while 22.2% are in Group 2. While one might expect the percentage of Boolean data
types to increase as the Relevance Score increases, in Group 3 and 4, it decreases back
to 16.6%. This indicates that there is no relationship between the Relevance Score and
Boolean return type.
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Regarding the string return type, we observe a consistent upward trend from Group
1 to 3, with a drop-in Group 4. For example, 25% of the return types in Group 1 are
String, while 50% are in Group 3. This suggests that as the percentage of String return
type increases, so does the Relevance Score. However, in Group 4, which has the highest
Relevance Score, the percentage drops to 25%, indicating that Codiumate may perform
better for String return types.

Lastly, for the return type of Float, there is not enough data to draw any conclusions.

Figure 5.7: Relationships between sample groups and percentage of return types.

5.2.3 Answering RQ1.2

Upon zooming in and scrutinizing the relevance scores on average, we observe that in Sce-
nario One, the mean relevance score across all groups was 47.97%. However, in Scenario
Two, the mean relevance score increased significantly to 70.41%.

The significant increase in the mean relevance scores from Scenario One to Scenario
Two across most groups suggests that the initial selection of test cases by Codiumate
often lacks complete alignment with the expected assertions. However, once assertions
are scrutinized and aligned more closely with developer expectations (Scenario Two), the
relevance of the test cases improves markedly. This indicates that while Codiumate’s
automated suggestions are helpful, they often require further refinement and verification
to meet the developers’ standards.

For instance, in Group 1, the relevance score increased substantially from 16.88% to
58.39%, demonstrating a notable improvement when assertions are carefully evaluated.
Similar patterns are observed in Groups 2 and 3, with relevance scores rising significantly
upon detailed examination. Group 4 saw a slight decrease in relevance score from 88.84%
to 79.24%, suggesting that for this group, the initial suggestions were closer to the ex-
pected outcomes, and further scrutiny identified some misalignment. see figure 5.8. See
detailed results in the appendix A.2

Figure 5.8: Relevance score Means from Scenario One and Scenario Two based on sorted
groups from RQ1.1.

5.2.4 Answering RQ2

The total count of false positives across all 208-unit tests is 31, which comprises 14.90%
of the total relevant unit tests. Among the 42 failed tests, 31 are false positives, which
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represents a false positive frequency of 73.81%. The average false positive rate (FPR) is
9.91%. These false positive rates vary from a minimum of 0% to a maximum of 69.23%.
Figure 5.9 below shows that FPRs are higher in Group 3, 2, and 4 respectively, no false
positives found in Group 1. More details are shown in appendix A.3.

To understand the primary causes and implications of false positive results in unit
tests generated by Codiumate, we conducted a deeper analysis examining the relationship
between FPRs and various function characteristics. These characteristics include function
types, number of parameters, parameter data types, return types, and lines of code
(LOC).

5.2.4.1 False Positives and Function Types

Figure 5.9 shows that Group 1 has no false positives. The sample functions are predom-
inantly Math (87.5%) and Algorithm (12.5%).

Group 2 has FPR of 13.5%. This group includes a mix of function types, with a
significant portion being Math (44.4%) and Filtering (33.3%)

Group 3 has the highest FPR of 15.7%. This group has a diverse set of function types,
with Filtering and Evaluation each making up 33.3%.

Group 4 has FPR of 11.60%. This group is heavily weighted towards Evaluation
(42.8%) and Data Manipulation (28.5%).

Math functions tend to have lower false positive rates. Group 1, which is predomi-
nantly Math functions, has no false positives. Filtering and Evaluation functions appear
to be associated with higher false positive rates, especially when combined with other
function types. Groups with a diverse set of function types (groups two, three, and four)
show higher false positive rates, suggesting that complexity and diversity of function
types might contribute to false positives. Group 4, with high Evaluation and Data Ma-
nipulation functions, has a relatively high FPR, indicating these types might be more
prone to false positives

Figure 5.9: False Positive Rates and Function Types.

5.2.4.2 False Positives and Number of Parameters

Figure 5.10 shows that Group 1 has no false positives. The sample functions predomi-
nantly contain two parameters (62.5%) and one parameter (37.5%).

Group 2 has FPR of 13.5%. This group includes a mix of function types, with a
significant portion being one parameter (77.4%) and two parameters (22.2%)

Group 3 has the highest FPR of 15.7%. This group has a diverse set of parameters,
with the majority of sample functions with one parameter (66.6%), followed by sample
functions with two and three parameters (16.6% and 16.6%).

Group 4 has FPR of 11.60%. This group is heavily weighted towards sample functions
with one parameter (85.7%) and two parameters (14.2%).
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Figure 5.10: False Positive Rates and Number of Parameters.

Group 1 has the highest percentage of two parameter functions and the lowest FPR.
One could interpret that functions with two parameters strike a balance between com-
plexity and testability.

Groups with fewer two-parameter functions (Groups two, three, and four) have higher
FPRs, reinforcing the notion that moderate complexity improves test case accuracy.

Group 3 is the only group with a significant percentage of three parameters functions
and has the highest FPR. This indicates that functions with three parameters might
introduce complexity that leads to higher false positives, possibly due to the increased
difficulty in generating comprehensive test cases.

5.2.4.3 False Positives and Function Parameter Data Types

See figure 5.11 for the below analysis:
Integer parameter type; Group 1 contains functions with a higher percentage of integer

parameters and have the lowest FPR (0.0%), indicating that integer parameters are easier
to test accurately.

Lower percentages of integer parameters in other groups (Groups two, three, and
four) correlate with higher FPRs, suggesting that the presence of integer parameters
contributes positively to the reliability of generated test cases.

String parameter type; Higher percentages of string parameters are associated with
higher FPRs (Groups two, three, and four). This indicates that functions with string
parameters are more prone to false positives.

String parameters introduce complexity due to the variability in possible values, which
might be challenging for Codiumate’s test generation algorithms to handle effectively.

Float parameter type; The presence of float parameters in Group 2 (9%) and Group
4 (25%) correlates with higher FPRs. This may suggest that float parameters, due to
their precision and rounding issues, are more difficult to test accurately.

Group 1 and Group 3 have no float parameters, yet Group 3 still has a high FPR,
indicating that other factors (such as the presence of string parameters) also play a
significant role.

Figure 5.11: False Positive Rates and Function Parameter Types.

5.2.4.4 False Positives and Return Data Types

Figure 5.12 shows the relationships between false positive rates and return types that can
be interpreted as following:
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Integer Return Type; functions with higher percentages of Integer return types, such
as Group 1 (62.5%), have lower FPRs. This suggests that integer-based functions are
easier to validate correctly with generated unit tests. Even in groups with moderate
integer percentages, like Group 4 (50%), the FPRs remain relatively lower compared to
other groups, indicating a trend of lower FPRs with integer return types.

Boolean Return Type; Boolean return types are less prevalent across all groups. How-
ever, the data does not show a clear pattern linking Boolean return types to lower or
higher FPRs. This indicates that Boolean return types may not significantly influence
the accuracy of generated tests. This suggests that functions returning strings are more
prone to false positives.

String Return Type; higher percentages of String return types, particularly in Group
3 (50%), are associated with the highest FPRs. String handling can be complex due to
variability in input and output, leading to less reliable test cases.

Float Return Type; Float return types are only present in Group 2 (11.1%), which has
a relatively higher FPR of 13.5%. Although the sample size is small, the presence of float
return types correlates with higher FPRs, indicating potential challenges in accurately
testing floating-point operations.

Figure 5.12: False Positive Rates and Return Type.

Functions with Integer handling associated with lower FPRs, indicating these func-
tions are easier to test accurately. Higher percentages of String return types correlate
with higher FPRs, suggesting challenges in testing functions with string outputs. Pres-
ence in Group 2 indicates higher FPRs, suggesting difficulties in testing floating-point
operations.

5.2.4.5 False Positives and Average Lines of Code (LOC) of sample functions

From figure 5.13, Group 2 and three have higher FPRs for functions with shorter LOC
indicate that Codiumate might be generating less effective tests for simpler functions.
Short functions might lack sufficient complexity to generate meaningful test cases, leading
to higher false positives.

Group 1 and Group 4 contain moderate to longer LOC, these groups have lower FPRs,
this may suggest that Codiumate handles more complex functions better, producing more
accurate and reliable test cases.

Figure 5.13: False Positive Rates and Lines of Code from Function Under Test.
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5.2.5 Answering RQ3

The result consistency for the code generated by Codiumate was 100% across all five
executions, consistently producing the same result each time. However, it’s important to
note that since the test codes were not executed in Codiumate’s runtime environment,
this data does not contribute much to determining Codiumate’s trustworthiness in its
runtime environment.

We executed the test codes on our local machine using Pytest and the test code pro-
duced by Codiumate ran error-free, without any syntax errors. The error-free execution of
the test code was coincidental rather than intentional because we did not execute within
Codiumate’s runtime environment but were run locally. Therefore, the observation that
the test code ran without errors was unexpected and not part of our planned evaluation
process.
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Discussion and Validity Threats

We aimed to assess the trustworthiness of Codiumate through several key metrics: Rele-
vance Score, false positive rate, and the consistency of test case outcomes. Our findings
provide insights into the strengths and limitations of Generative AI-driven test genera-
tion tools like Codiumate, particularly in the context of their applicability to real-world
software development from a developer’s point of view.

6.1 Discussion

6.1.1 Relevance Score

Initially, we observed an average Relevance Score of 48% for the test cases suggested by
Codiumate in Scenario One, which we deemed acceptable for a first attempt. However,
when we closely compared the selected test cases against our criteria in Scenario Two,
the Relevance Score increased to 70%. This unexpected improvement indicated that
Codiumate’s trustworthiness was higher than we initially thought. We realized that the
process of selecting relevant test cases in Scenario One could have been more thorough
by reviewing all assertions rather than just the test case descriptions provided by Codi-
umate. Despite this, the findings from Scenario Two suggest that Codiumate’s test case
generation functionality is reliable. From a developer’s perspective, even a 48% Rele-
vance Score is significant, as it shows that Codiumate can facilitate and simplify the unit
testing process, even if it cannot fully automate it yet.

6.1.2 Function Characteristics and Relevance Score

After categorizing the sample functions into four groups based on their Relevance Scores,
we observed a distinct pattern: the group with lower Relevance Scores contained a higher
proportion of functions involving mathematical calculations, while conversely, groups
with higher Relevance Scores exhibited fewer math-related functions. The intricacies of
mathematical operations demand precise calculations, logical reasoning, and formal de-
duction, attributes that are not inherently strong suits of the GPT model architecture,
including Codiumate powered by GPT-3.5 and 4 [2]. These models are primarily engi-
neered to excel in processing and generating coherent, human-like text, rendering them
more adept at tasks such as language translation or text generation. Consequently, our
findings indicate that Relevance Scores tended to be higher for functions involving string
inputs, aligning with the inherent strengths of the underlying model.

Our observations parallel those made by Jessica et al. [14], who examined the profi-
ciency of GPT-3.5, GPT-4, and BARD models across various tasks, including mathemat-
ical and multi-hop reasoning. Their findings corroborate our own, suggesting that these
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models exhibit limited proficiency in Mathematical, Inductive, and Multi-hop reasoning
tasks. In essence, our research supports the notion that, at the time of our study, GPT-3.5
and 4 are still not adequately equipped to handle mathematical operations effectively.

6.1.3 False Positive Rate

Codiumate produced approximately 15% false positives out of all the relevant test cases.
Upon closer inspection, we found that nearly 74% of failed tests were due to false positive
result, often due to minor errors in the relevant test cases. These defects were generally
insignificant. These defects were generally insignificant but indicate areas for improve-
ment. Potential causes could be misconfigured test assertions or errors in the test logic
itself. For example, Codiumate might generate assertions that do not align with the
actual requirements of the function. Consequently, these test cases require supervision
from developers, necessitating a basic understanding of unit tests and testing principles.

The maximum false positive rate observed was over 69%, which is significant and can
severely impact the reliability and efficiency of the testing process. Developers might
spend considerable time debugging non-existent issues, which can lead to reduced trust
in the AI-automated testing tool and potentially lower overall productivity.

False positive rate and function complexity, functions with simpler structures (fewer
lines of code and parameters) and those involving complex data types (strings and floats)
tend to have higher false positive rates. This suggests that Codiumate’s current algo-
rithms may not handle these scenarios effectively, leading to a higher incidence of false
positives.

While Codiumate demonstrates some reliability, particularly with functions of mod-
erate complexity (e.g., those with math function type, integer parameters, and moderate
lines of code), it is not completely trustworthy in its current state. The tool’s tendency
to produce false positives in certain scenarios suggests areas where improvements are
needed: Codiumate needs to improve its handling of string and float parameters. These
data types introduce variability and complexity that current algorithms struggle with,
resulting in higher false positive rates. Better alignment of generated assertions with ac-
tual function requirements is crucial. Codiumate should focus on reducing misconfigured
test assertions and logical errors in test cases to lower the incidence of false positives.

Despite its automation capabilities, Codiumate’s test cases still require supervision
and review from developers. Encouraging developers to manually review and supplement
automatically generated tests can enhance the overall reliability and trustworthiness of
the tool.

6.1.4 Consistency of Test Execution

The consistency of test execution using Pytest was 100%, with 42 (20%) failed tests and
166 (80%) passed tests, all without syntax errors across five executions, and without
any intervention from the authors. This indicates that Codiumate generates correct and
stable syntax. However, this consistency does not significantly impact real-world software
development, since the sample functions used were standalone with simple syntax.

Our study also suggests that full test automation in the context of unit testing is not
yet feasible. Developers still need to select relevant test cases and manually verify that
failed test cases are not due to false positives.



6.2. Validity Threats 27

6.1.5 Our Study’s Limitations

A limitation of our study is that we only investigated the false positive rate, covering 20%
of the relevant test cases (the percentage of failed tests). We did not check the remaining
80% (the percentage of passed tests) for false negatives. Additionally, our sample data
was limited to 30 Python functions, which means our findings may not apply to functions
written in other programming languages.

The limitations above have significant implications for the generalizability and complete-
ness of our findings. Firstly, by focusing only on the false positive rate, we have potentially
overlooked a critical aspect of Codiumate’s performance: the false negative rate. False
negatives—cases where defects are missed—can be just as detrimental to software qual-
ity as false positives, leading to undetected bugs and erroneous functionality. Without
evaluating the 80% of passed tests for false negatives, our assessment of Codiumate’s
reliability remains incomplete. This gap suggests that the tool might miss critical issues,
which could compromise the integrity of the testing process.

Furthermore, the sample size and scope of our study limit the applicability of our
results. Examining only 30 Python functions restricts the breadth of our conclusions, as
this small dataset may not fully represent the diversity and complexity of real-world soft-
ware. Different programming languages and paradigms could yield different outcomes,
and Codiumate’s performance might vary significantly across various types of software
applications and coding styles. As a result, our findings may not be fully applicable to
functions written in other programming languages or in more complex software environ-
ments.

These limitations highlight the need for more comprehensive studies to validate Codi-
umate’s trustworthiness across diverse scenarios. Future research should include larger,
more varied datasets and evaluate both false positives and false negatives. This would
provide a more robust and holistic understanding of the tool’s capabilities and limita-
tions, ultimately leading to more reliable and generalizable conclusions about its utility
in automated unit testing.

6.2 Validity Threats

6.2.1 Internal Validity

6.2.1.1 Researchers’ Prior Experience in Testing:

As software engineering students, our experience and understanding of unit testing influ-
ence the selection of relevant test cases, potentially introducing bias. To mitigate this,
we collaboratively evaluated the first 10 functions to standardize our approach, ensuring
a consistent methodology for subsequent evaluations.

6.2.1.2 Researchers’ Data Collection Bias:

Since this process is performed by two authors independently, there is a risk of inter-rater
variability in our evaluations of the trustworthiness of the generated test cases. Differences
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in interpretation, judgment, or criteria for assessment could introduce bias and affect the
reliability of the study results. To reduce this risk, we implemented measures to maintain
objectivity, such as standardized procedures for test case evaluation and cross-checking
each other’s work.

6.2.1.3 Timing Discrepancies:

The timing of the testing sessions conducted by each author may vary due to factors
such as workload, interruptions, or personal schedules. These timing discrepancies could
influence the performance of Codiumate and the generated test cases, potentially leading
to inconsistent outcomes.

6.2.2 External Validity:

6.2.2.1 Sample Size and Generalizability:

The study’s use of 30 Python functions from the HumanEval dataset limits the general-
izability of the findings. This sample may not represent the full diversity of real-world
software development scenarios, potentially affecting the applicability of the results. Fu-
ture studies should include a broader and more diverse set of functions to enhance the
generalizability of the findings.

6.2.2.2 Testing Environment Variability:

In testing the execution process, both authors performed the tasks with an individual’s
computer. This differences in computer hardware, software configurations, and environ-
mental factors between the two authors’ testing environments could introduce variability
in the results. This variability may impact the consistency of the findings.

6.2.2.3 Software Versioning and Updates:

Changes in the versions of Codiumate or its underlying GPT models (GPT-3.5 and 4)
during the course of the study could impact the behavior and performance of the plugin.
This could introduce confounding variables that affect the validity of the conclusions
drawn from the study.



Chapter 7

Conclusion and Future Work

7.1 Conclusion

The evaluation of Codiumate’s test case generation highlights both its promise and areas
requiring improvement. Trustworthiness, in the context of this thesis, refers to the degree
of confidence developers can have in the AI-generated unit tests, encompassing accuracy,
reliability, and stability.

Codiumate shows a good success rate in identifying relevant test cases, particularly
for non-mathematical functions and less complex functions. However, developers must
possess a fundamental understanding of unit testing principles and function behavior to
effectively utilize and evaluate the generated test cases.

The overall false positive rate of approximately 15% indicates that while Codiumate’s
test case generation is promising, it is not entirely trustworthy in its current form. Spe-
cific areas of concern include handling complex data types (e.g., strings and floats) and
ensuring test assertions align with actual function requirements.

Codiumate generated unit tests are free of syntax errors and demonstrate dependable
performance across various functions, particularly those that are not overly complex.
However, the stability of test outcomes across multiple executions still requires thorough
evaluation to ensure long-term reliability.

Codiumate demonstrates significant potential in automating unit test generation, of-
fering a convenient means to support developers. However, it is not yet fully reliable for
critical applications without developer oversight. Continued refinement and exploration
of its capabilities are essential for Codiumate to become an indispensable asset in unit test
generation, enhancing its trustworthiness and effectiveness in the software development
process.

By understanding the underlying mechanisms powered by GPT-3.5 and GPT-4, devel-
opers can better appreciate the strengths and limitations of Codiumate, making informed
decisions about its integration into their development workflows.

7.2 Future Work

7.2.1 Exploring Additional Functionalities:

Beyond behavior analysis and unit test code generation, Codiumate offers additional func-
tionalities that are worth exploring. Investigating aspects such as the impact of integrat-
ing pre-written high-quality tests on test case quality can provide valuable insights into
optimizing Codiumate’s functionalities for enhanced efficiency and effectiveness. Another
aspect would be to generate tests for functions that rely on other functions to evaluate

29
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if Codiumate’s produced code for the unit test isolate the function; test the function in
isolation.

7.2.2 Larger Sample Size:

In our study, we used 30 out 164 functions from HumanEval dataset, which is very limited.
Expanding the sample size to 164 or even beyond the HumanEval dataset can provide
valuable insights into the strengths and limitation of Codiumate.

7.2.3 Trustworthiness Across Programming Languages:

Exploring Codiumate’s trustworthiness in the context of different programming languages
is essential for assessing its versatility and adaptability. By testing its performance in
languages beyond the current scope, we can ascertain its reliability across diverse tech-
nological ecosystems, thereby enhancing its utility and applicability.

7.2.4 False Negative Rate Evaluation:

To fully assess Codiumate’s effectiveness in defect detection, it’s important to study and
evaluate its false negative rate. By analyzing cases where Codiumate failed to identify
defects in functions, we can evaluate its reliability in catching potential issues. This
evaluation will provide crucial insights into the tool’s overall performance and areas for
improvement.
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A.1 RQ1: Sorted Relevance Score from Scenario One.

Figure A.1: Function groups sorted by Relevance Scores
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A.2 RQ1.2 Relevance Scores From Scenario One and Scenario Two.

Figure A.2: Relevance Scores from Scenario One and Scenario Two.
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A.3 RQ2: False Positive Distribution Among Groups

Figure A.3: False Positive result from scenario one.



38
A

ppendix
A

.
R

esults
from

C
odium

ate



A
.4.

R
Q

3:
R

esult
C

onsistency
39

A.4 RQ3: Result Consistency

Figure A.4: Result consistency from test runs.
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Sample Functions, Selection Criteria, and
Relevant Test Cases

B.1 Sample 1

Figure B.1: Sample 1: Function Under Test
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Figure B.2: Sample 1: Selection Criteria
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Figure B.3: Sample 1: Relevant Test Cases
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B.2 Sample 2

Figure B.4: Sample 2

Figure B.5: Sample 2: Selection Criteria
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Figure B.6: Sample 2: Relevant Test Cases
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B.3 Sample 3

Figure B.7: Sample 3: Function Under Test

Figure B.8: Sample 3: Selection Criteria
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Figure B.9: Sample 3: Relevant Test Cases 1/2
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Figure B.10: Sample 3: Relevant Test Cases 2/2
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B.4 Sample 4

Figure B.11: Sample 4: Function Under Test

Figure B.12: Sample 4: Selection Criteria
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Figure B.13: Sample 4: Relevant Test Cases
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B.5 Sample 5

Figure B.14: Sample 5: Function Under Test

Figure B.15: Sample 5: Selection Criteria
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Figure B.16: Sample 5: Relevant Test Cases
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B.6 Sample 6

Figure B.17: Sample 6: Function Under Test

Figure B.18: Sample 6: Selection Criteria
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Figure B.19: Sample 6: Relevant Test Cases
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B.7 Sample 7

Figure B.20: Sample 7: Function Under Test

Figure B.21: Sample 7: Selection Criteria
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Figure B.22: Sample 7: Relevant Test Cases
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B.8 Sample 8

Figure B.23: Sample 8: Function Under Test

Figure B.24: Sample 8: Selection Criteria



B.8. Sample 8 57

Figure B.25: Sample 8: Relevant Test Cases
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B.9 Sample 9

Figure B.26: Sample 9: Function Under Test
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Figure B.27: Sample 9: Selection Criteria



60 Appendix B. Sample Functions, Selection Criteria, and Relevant Test Cases

Figure B.28: Sample 9: Relevant Test Cases



B.10. Sample 10 61

B.10 Sample 10

Figure B.29: Sample 10: Function Under Test

Figure B.30: Sample 10: Selection Criteria
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Figure B.31: Sample 10: Relevant Test Cases
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B.11 Sample 11

Figure B.32: Sample 11: Function Under Test

Figure B.33: Sample 11: Selection Criteria
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Figure B.34: Sample 11: Relevant Test Cases
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B.12 Sample 12

Figure B.35: Sample 12: Function Under Test



66 Appendix B. Sample Functions, Selection Criteria, and Relevant Test Cases

Figure B.36: Sample 12: Selection Criteria
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Figure B.37: Sample 12: Relevant Test Cases
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B.13 Sample 13

Figure B.38: Sample 13: Function Under Test

Figure B.39: Sample 13: Selection Criteria
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Figure B.40: Sample 13: Relevant Test Cases
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B.14 Sample 14

Figure B.41: Sample 14: Function Under Test
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Figure B.42: Sample 14: Selection Criteria
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Figure B.43: Sample 14: Relevant Test Cases
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B.15 Sample 15

Figure B.44: Sample 15: Function Under Test
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Figure B.45: Sample 15: Selection Criteria
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Figure B.46: Sample 15: Relevant Test Cases
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B.16 Sample 16

Figure B.47: Sample 16: Function Under Test

Figure B.48: Sample 16: Selection Criteria
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Figure B.49: Sample 16: Relevant Test Cases, part 1/3
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Figure B.50: Sample 16: Relevant Test Cases, part 2/3
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Figure B.51: Sample 16: Relevant Test Cases, part 3/3
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B.17 Sample 17

Figure B.52: Sample 17: Function Under Test

Figure B.53: Sample 17: Selection Criteria
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Figure B.54: Sample 17: Relevant Test Cases, part 1/2
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Figure B.55: Sample 17: Relevant Test Cases, part 2/2
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B.18 Sample 18

Figure B.56: Sample 18: Function Under Test
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Figure B.57: Sample 18: Selection Criteria
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Figure B.58: Sample 18: Relevant Test Cases, part 1/5
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Figure B.59: Sample 18: Relevant Test Cases, part 2/5
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Figure B.60: Sample 18: Relevant Test Cases, part 3/5
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Figure B.61: Sample 18: Relevant Test Cases, part 4/5
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Figure B.62: Sample 18: Relevant Test Cases, part 5/5
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B.19 Sample 19

Figure B.63: Sample 19: Function Under Test
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Figure B.64: Sample 19: Selection Criteria
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Figure B.65: Sample 19: Relevant Test Cases, part 1/2
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Figure B.66: Sample 19: Relevant Test Cases, part 2/2
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B.20 Sample 20

Figure B.67: Sample 20: Function Under Test
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Figure B.68: Sample 20: Selection Criteria
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Figure B.69: Sample 20: Relevant Test Cases, part 1/2
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Figure B.70: Sample 20: Relevant Test Cases, part 2/2
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B.21 Sample 21

Figure B.71: Sample 21: Function Under Test

Figure B.72: Sample 21: Selection Criteria
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Figure B.73: Sample 21: Relevant Test Cases
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B.22 Sample 22

Figure B.74: Sample 22: Function Under Test
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Figure B.75: Sample 22: Selection Criteria
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Figure B.76: Sample 22: Relevant Test Cases, part 1/2
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Figure B.77: Sample 22: Relevant Test Cases, part 2/2
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B.23 Sample 23

Figure B.78: Sample 23: Function Under Test
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Figure B.79: Sample 23: Selection Criteria
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Figure B.80: Sample 23: Relevant Test Cases
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B.24 Sample 24

Figure B.81: Sample 24: Function Under Test
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Figure B.82: Sample 24: Selection Criteria
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Figure B.83: Sample 24: Relevant Test Cases
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B.25 Sample 25

Figure B.84: Sample 25: Function Under Test

Figure B.85: Sample 25: Selection Criteria
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Figure B.86: Sample 25: Relevant Test Cases, part 1/3
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Figure B.87: Sample 25: Relevant Test Cases, part 2/3
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Figure B.88: Sample 25: Relevant Test Cases, part 3/3
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B.26 Sample 26

Figure B.89: Sample 26: Function Under Test

Figure B.90: Sample 26: Selection Criteria
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Figure B.91: Sample 26: Relevant Test Cases, part 1/3
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Figure B.92: Sample 26: Relevant Test Cases, part 2/3
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B.27 Sample 27

Figure B.93: Sample 27: Function Under Test

Figure B.94: Sample 27: Selection Criteria
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Figure B.95: Sample 27: Relevant Test Cases, part 1/3
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Figure B.96: Sample 27: Relevant Test Cases, part 2/3
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B.28 Sample 28

Figure B.97: Sample 28: Function Under Test
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Figure B.98: Sample 28: Selection Criteria
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Figure B.99: Sample 28: Relevant Test Cases
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B.29 Sample 29

Figure B.100: Sample 29: Function Under Test
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Figure B.101: Sample 29: Selection Criteria
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Figure B.102: Sample 29: Relevant Test Cases
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B.30 Sample 30

Figure B.103: Sample 30: Function Under Test

Figure B.104: Sample 30: Selection Criteria
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Figure B.105: Sample 30: Relevant Test Cases, part 1/2
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Figure B.106: Sample 30: Relevant Test Cases, part 2/2
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