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Abstract

This study explores the integration of Generative Al into Test-Driven Development (TDD) to efficiently
produce code that accurately reflects programmers' requirements in software engineering. Using the Account
class as an example, we analyzed the code generation capabilities of leading Generative Al models—OpenAl's
ChatGPT, GitHub's Copilot, and Google's Gemini. Our findings indicate that while Generative Al can
automatically generate code, it often fails to capture programmers' intent, potentially leading to functional
errors or security vulnerabilities. By applying TDD principles and providing detailed test cases to the
Generative Al, we demonstrated that the generated code more closely aligns with the programmer’s intentions
and successfully passes specified tests. This approach reduces the need for manual code reviews and enhances
development efficiency. We propose a development process that combines TDD with Generative Al, leveraging
the strengths of both to efficiently produce high-quality software. Future research will focus on extending this
approach to more complex systems and exploring automatic test case generation techniques.

Keywords: : TDD, Generative Al, Automatic Code Generation, Software Development Methodology, Software Testing

1. Introduction

The field of software development is undergoing transformative changes due to advancements in artificial
intelligence and machine learning. In particular, the emergence of Generative Al has spurred efforts to improve
development efficiency in various areas such as automatic code generation, bug detection, and performance
optimization [1-3]. These technologies contribute to reducing development time and costs, facilitating the
implementation of complex software systems. Additionally, the ability to generate code through natural
language allows even non-experts to participate in programming [4][5]. In this context, the introduction of
Generative Al is expected to revolutionize the software development process.

However, there are several issues associated with generating source code using Generative Al [6][7]. First,
the generated code may not accurately reflect the programmer's requirements, as Al models may not fully
comprehend the nuances or context of natural language. Second, there is a high possibility that the generated
code may contain security vulnerabilities, since Al may not incorporate the latest security standards or best
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practices due to limitations in training data. Third, additional efforts may be required for debugging and
maintenance.

To address these challenges, it is necessary to apply Generative Al within the Test-Driven Development
(TDD) methodology. TDD is a development approach that emphasizes writing tests before code
implementation, clarifying programmer requirements and enhancing code accuracy and stability [8]. By
integrating Generative Al with TDD, we can ensure that automatically generated code is guided to pass
predefined tests. This approach allows for accurately reflecting the programmer's intent, minimizing security
vulnerabilities, and improving overall development efficiency.

In this paper, we discuss methods and the potential of applying Generative Al in the software
implementation stages using the TDD approach. We compare and analyze the code generation capabilities of
major Generative Al models and identify the causes of inaccurate code generation. Furthermore, by applying
the code generation features of Generative Al to the TDD method, we demonstrate that it is possible to
effectively generate code that more closely aligns with the programmer's requirements. Finally, we propose a
process for integrating Generative Al functionalities into the TDD methodology."

The main contributions of this paper are as follows:

» Enhancing Development Efficiency by Integrating Generative Al with TDD: This study presents a
method for efficiently generating code that accurately reflects programmers' requirements by
integrating Generative Al into the TDD process.

» Analysis of Code Generation Capabilities and Limitations of Major Generative Al Models: We
conducted a comparative analysis of the code generation capabilities of leading Generative Al models,
including OpenAl's ChatGPT, GitHub's Copilot, and Google's Gemini.

» Proposal of a New Development Process Combining TDD and Generative Al: We proposed a
development process that combines the strengths of TDD and Generative Al. This process reduces the
need for manual code reviews and enhances development efficiency by ensuring that generated code
meets the predefined test cases.

The remainder of the paper is organized as follows.

In Section 2, related works are reviewed. In Section 3, we analyze the code generation capabilities of major
Generative Al models. Section 4 discusses the method of applying Generative Al within the TDD process. In
Section 5, we perform a comparative analysis of the generated code to evaluate the effectiveness of our
proposed method. Finally, Section 6 summarizes and concludes this paper.

2. Related Work

Research on code generation using generative Al has been increasingly prominent in the field of software
engineering. Chen et al. [1] explored the potential of code generation using large-scale language models like
GPT-3. They successfully generated executable code based on natural language descriptions, demonstrating
the feasibility of using generative Al for code synthesis. Similarly, Svyatkovskiy et al. [9] developed
IntelliCode Compose, which leverages Transformer-based models to enhance programmer productivity by
providing intelligent code completions. Their work showed improvements in code completion quality and
reductions in development time.
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However, several studies have pointed out the challenges and problems associated with code generation
using generative Al. Austin et al. [10] highlighted limitations in program synthesis with large language models,
expressing concerns about the accuracy and reliability of the generated code. They emphasized that generated
code might contain unexpected errors or security vulnerabilities.

Research on software testing using generative Al has also been actively pursued. Tian et al. [11] proposed
DeepTest, an automated testing framework for deep neural network-driven autonomous cars. By utilizing deep
learning techniques, they were able to automatically generate test cases that improve the robustness and safety
of software systems. Ayenew et al. [12] conducted a systematic literature review on automated test case
generation using machine learning, providing insights into current trends and future research directions in Al-
based testing. Bhatia et al. [13] studied whether Generative Al is effective in generating unit test scripts for
Python programs and how the generated test cases compare to those generated by the existing unit test
generator, Pynguin.

Other related research includes studies on software refactoring and bug fixes using Generative Al. Tufano
et al. [14] proposed a method to automatically generate bug fix patches using deep learning models and
demonstrated its effectiveness in real open-source projects. Vasic et al. [15] developed a technique to
automatically detect and fix program bugs using neural networks, contributing to improving software quality.

These studies show many possibilities for applying Generative Al in the field of software engineering, but
there is still a lack of research applying Generative Al to the TDD method.

3. Analysis of Generative Al's Code Generation Capabilities

This study assumes the application of Generative Al during the code implementation process using the TDD
method, in a situation where software design has been somewhat completed.

In this section, we compare and analyze the capabilities of representative Generative Al models (ChatGPT,
Copilot, and Gemini) before applying the TDD method. The models of each Generative Al are as follows:

* OpenAl's ChatGPT (GPT-40 model)
»  GitHub's Copilot (Based on the GPT-40 model)
»  Google's Gemini (Sep. 2024 model)

To analyze the capabilities, we use the Account class as an example. The basic requirements and design
details of the member functions of this class are shown in Figure 1.

[Requirements-1 for the Account class]

+ Calculate different interest rates based on the duration of the deposited amount:
- Less than 3 months: 2%
- 3 months to less than 6 months: 3%
- 6 months or more: 4%
* The member function names and their functionalities of the class are as follows:
- deposit(): Accepts the amount to be deposited (int) and the deposit date (LocalDate) as arguments, and stores
them in the account.
- calculateDeposit(): Calculates and returns the total amount of all deposits, including interest rates based on
their deposit dates.

Figure 1. Requirements-1 for the Account class
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By inputting these requirements into the Generative Als and requesting source code generation, source codes
as shown in Figure 1 were generated.

[ChatGPT]
public class Account {

private List<Deposit> deposits = new
ArrayList<>();
public void deposit(int amount,
LocalDate date) {

public double calculateDeposit() {
double total = 0;
LocalDate today = LocalDate.now();
for (Deposit dep : deposits) {
int months = Period.between(
dep.date, today).getMonths();
double interestRate;
if (months < 3) {
interestRate = 0.02;
} else if (months < 6) {
interestRate = 0.03;
} else
interestRate = 0.06;
total += dep.amount +
(dep.amount * interestRate);

return total;

}
}

deposits.add(new Deposit(amount,date));

[Copilot]

public class Account {
private int balance;
private LocalDate depositDate;
public void deposit(int amount,
LocalDate date) {
this.balance = amount;
this.depositDate = date;

}
public double calculateDeposit() {
if (depositDate == null) {
throw new lllegalStateException(""No
deposit made");

LocalDate currentDate=LocalDate.now();
long monthsBetween = ChronoUnit
.MONTHS.between(depositDate
, currentDate);

double interestRate;
if (monthsBetween < 3) {

interestRate = 0.02;
} else if (monthsBetween < 6) {

interestRate = 0.03;

}else {
interestRate = 0.04;

return balance + (balance * interestRate);

}

[Gemini]

public class Account {
private int balance;
private LocalDate depositDate;
public void deposit(int amount,
LocalDate date) {
balance += amount;
depositDate = date;

}
public double calculateDeposit() {
LocalDate today = LocalDate.now();
long months = java.time.temporal
.ChronoUnit. MONTHS
.between(depositDate, today);
double interestRate = 0.0;
if (months < 3) {
interestRate = 0.02;
} else if (months < 6) {
interestRate = 0.03;

}else {
interestRate = 0.04;

return balance * (1 + interestRate);

}
Figure 2. The codes generated by Generative Al for Requirement-1

Despite the same requirements, each Generative Al generated source codes with different functionalities.
First, ChatGPT used the List class to generate code that can store multiple deposits and dates, while Copilot
generated code that can store only a single deposit. Gemini allowed multiple deposits, but had the issue that
the dates of each deposit were not stored separately and were fixed to the date of the last deposit.

When explaining interest rates in Requirement-1, annual interest rates and simple interest rates were
considered common sense and were not explained separately. However, all Generative Als calculated the
deposit amount uniformly at interest rates of 2-4% depending on the deposit period, not using the annual
interest rate.

Requirement-2 was written by describing the programmer's requirements in more detail in Requirement-1.
The additional content written in Requirement-1 is shown in Figure 3, and the code generated by generative
Als according to Requirement-2 is as shown in Figure 4.

[Requirement-2 for the Account class (only added part)]

 Interest is applied as simple annual interest and is calculated daily.
* Deposits can be made multiple times, and calculateDeposit() calculates and returns the total amount of multiple
deposits.

Figure 3. Requirements-2 for the Account class
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[ChatGPT] [Copilot] [Gemini]
public class Account { public class Account { public class Account {
private List<Deposit> deposits = new private List<Deposit> deposits = new private List<Deposit> deposits = new
ArrayList<>(); ArrayList<>(); ArrayList<>();
public void deposit(int amount, LocalDate public void deposit(int amount, LocalDate public void deposit(int amount, LocalDate
date) { date) { depositDate) {
deposits.add(new Deposit(amount, date)); deposits.add(new Deposit(amount, date)); deposits.add(new Deposit(amount,
} } depositDate));
private double getinterestRate(long public double calculateDeposit() { }
months) { double total = 0.0; public double calculateDeposit() {
if (months < 3) { LocalDate now = LocalDate.now(); double total Amount = 0;
return 0.02; for (Deposit deposit : deposits) { LocalDate today = LocalDate.now();
} else if (months < 6) { long months = ChronoUnit. MONTHS for (Deposit deposit : deposits) {
return 0.03; .between(deposit.getDate(), now); long days = today.toEpochDay() —
Yelse { double interestRate = deposit.depositDate.toEpochDay();
return 0.04; getinterestRate( months ); double months = (double) days / 30;
} double interest = deposit.getAmount() double interestRate;
* interestRate * months / 12; if (months < 3) {
public double calculateDeposit() { total += deposit.getAmount()+interest; interestRate = 0.02;
double totalAmount = 0; } } else if (months < 6) {
LocalDate today = LocalDate.now(); return total; interestRate = 0.03;
for (Deposit deposit : deposits) { } Yelse {
long daysBetween = ChronoUnit.DAYS private double getInterestRate(long months) interestRate = 0.04;
.between(deposit.depositDate, today); { }
long monthsBetween = ChronoUnit if (months < 3) { totalAmount += deposit.amount *
.MONTHS return 0.02; (1 + interestRate * (months / 12));
.between(deposit.depositDate, today); } else if (months < 6) {
double interestRate = return 0.03; return total Amount;
getInterestRate(monthsBetween); Yelse { }
totalAmount += deposit.amount + return 0.04; }
(deposit.amount * interestRate * daysBetween }
/ 365); }
} }
return total Amount;
}
}

Figure 4. The codes generated by Generative Al for Requirement-2

The codes generated for Requirement-2 all seem to satisfy the given requirements. However, when running
the test cases shown in Figure 5, they all output different result values.

@Test

public void testCalculateDeposit() {
LocalDate now = LocalDate.now();
Account account = new Account();
double expDepositl = 1000 * (1+ 0.02*30/365);
double expDeposit2 = 2000 * (1+ 0.03*120/365;;
double expDeposit3 = 3000 * (1+ 0.04*210/365
account.deposit(1000, now.minusDays(30));
assertEquals(expDepositl, account.calculateDeposit(), 0.01 );
account.deposit(2000, now.minusDays(120));
assertEquals(expDepositl+expDeposit2, account.calculateDeposit(), 0.01 );
account.deFosn(sOOO, now.minusDays(210)); ) )
assertEquals(expDepositl+expDeposit2+expDeposit3, account.calculateDeposit(), 0.01 );

Figure 5. Test cases for calculateDeposit()

In the case of the code generated by ChatGPT, it output the same values as the programmer's expected values
in the test cases. However, Copilot and Gemini output values different from the expected values, failing to
pass the test function.
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4. TDD Method with the Aid of Generative Al

As observed in Section 2, the codes generated by Generative Al often do not adequately provide the
functionalities desired by the programmer for various reasons. Reviewing the code generated by Generative
Al one by one to check if it deviates from the requirements significantly reduces the effectiveness of Generative
Al.

A suitable method to solve this problem is TDD. TDD is a software development methodology that
emphasizes writing tests before writing the actual code. TDD is presented as a disciplined approach to software
development that can lead to more reliable, maintainable, and robust code [8].

Following TDD discipline, programmers first write test scenarios and test cases and then use Generative Al
to generate source code that successfully passes these tests. The test cases written by the programmer can
indirectly supplement the requirements for the source code.

Along with requirement-1, which did not sufficiently describe the programmer's intention, the test case
shown in Figure 5 was input into the generative Al, and a request was made to create an Account class that
can pass the given test case. The codes generated by the generative Al according to this request is as shown in

Figure 6.

[ChatGPT]
public class Account {

private List<Deposit> deposits = new
ArrayList<>();
public void deposit(int amount, LocalDate
date) {
deposits.add(new Deposit(amount, date));

public double calculateDeposit() {

LocalDate now = LocalDate.now();

double total = 0.0;

for (Deposit deposit : deposits) {
long daysBetween=ChronoUnit.DAYS

.between(deposit.depositDate, now);
double interestRate =
getinterestRate(daysBetween);
total += deposit.amount * (1 +
interestRate * daysBetween / 365.0);

return total;

private double getInterestRate(long

daysBetween) {
if (daysBetween < 90) {
return 0.02;
} else if (daysBetween < 180) {
return 0.03;
}else {
return 0.04;

}
}
}

[Copilot]
public class Account {

private List<Deposit> deposits;
public Account() {
this.deposits = new ArrayList<>();

public void deposit(int amount, LocalDate
date) {
deposits.add(new Deposit(amount, date));

}
public double calculateDeposit() {
double total = 0.0;
LocalDate now = LocalDate.now();
for (Deposit deposit : deposits) {
long days = ChronoUnit.DAYS
.between(deposit.date, now);
double interestRate =
getInterestRate(days);
double interest = deposit.amount *
(interestRate * days / 365);
total += deposit.amount + interest;

return total;

}
private double getinterestRate(long days) {
if (days < 90) {
return 0.02;
} else if (days < 180) {
return 0.03;
}else {
return 0.04;
}
}

[Gemini]
public class Account {

private List<Deposit> deposits = new
ArrayList<>();
public void deposit(int amount, LocalDate
date) {
deposits.add(new Deposit(amount, date));

public double calculateDeposit() {
double totalDeposit = 0.0;
LocalDate now = LocalDate.now();
for (Deposit deposit : deposits) {
long days = now.toEpochDay() —
deposit.depositDate.toEpochDay();
double interestRate =
calculateInterestRate(days);
totalDeposit += deposit.amount * (1 +
interestRate * days / 365);

return totalDeposit;

private double calculatelnterestRate(long
days) {
if (days < 90) {
return 0.02;
} else if (days < 180) {
return 0.03;
}else {
return 0.04;
}
}
}

Figure 6. Source codes generated using Requirement-1 and test cases as input

After reviewing the three source codes, we found that they all showed similar forms, even though they were
generated by different generative Als. Even though the same requirement-1 was entered, unlike the codes
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shown in Figure 2, we can see that the codes are more suitable for the programmer's intention, such as allowing
multiple deposits and calculating the annual interest rate as a percentage of the daily rate.

5. Comparative Analysis

We tested the output values of the calculateDeposit() function of the Account class generated using
Requirement-1 as input, the Account class generated using Requirement-2 as input, and the Account class
generated using Requirement-1 along with the test cases. The output values from the functions of each class
are shown in Table 1. In the table, the shaded areas indicate cases where the output values differed from the
expected test case values.

Table 1. Output values of calculateDeposit() generated by generative Al

Input_ to D_eposit period Principal Expected ChatGPT’s Copilot’s Gemini’s

Generative Al | (interest rate) output output output output
1M (2%) 1000 1001.64 1020.0 1020.0 1020.0
. 4M (3%) 2000 2019.72 2060.0 2060.0 2060.0
Requirement-1 = 206) 3000 3069.04 3180.0 3120.0 3120.0
Total 7000 6090.41 6260.0 N/A 6240.0
1M (2%) 1000 1001.64 1001.64 1000.0 1001.66
Requirement-2 AM (3%) 2000 2019.72 2019.72 2015.0 2020.16
7™ (4%) 3000 3069.04 3069.04 3060.0 3070.66
Total 7000 6090.41 6090.41 6075.0 6092.50
. 1M (2%) 1000 1001.64 1001.64 1001.64 1001.64
Requirement-1 = o 306 | 2000 2019.72]  2019.72]  2019.72 2019.72
Testgéases 7™ (4%) 3000 3069.04 3069.04 3069.04 3069.04
Total 7000 6090.41 6090.41 6090.41 6090.41

The codes generated with Requirement-1 as input all output values different from the expected outputs. This
is because Requirement-1 did not include detailed guidelines on interest calculation (annual interest rate, per-
diem calculation, simple interest, etc.), and lacked specific information such as the ability to have multiple
deposits and calculating 30 days as one month.

The codes generated with the supplemented Requirement-2 as input showed functionalities closer to the
programmer's intent than the previous codes. ChatGPT output values identical to the expected values.
ChatGPT's generated code can be seen as the closest to what the programmer intended. In the case of Gemini,
despite stating in the requirements that interest is calculated on a per-diem basis, the generated code calculated
interest on a monthly basis, outputting values smaller than expected. On the other hand, Copilot calculated
interest based on the number of months considering one month as 30 days and treated a year as 360 days,
resulting in values higher than expected.

Lastly, the codes generated by inputting Requirement-1 along with the test cases showed very similar codes
across all three, and all output values identical to the expected values. It can be inferred that Generative Al
analyzed the test cases and, in the process of satisfying them, obtained information omitted in Requirement-1,
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such as the interest rate period calculation, multiple deposit functionalities, and per-diem interest calculation,
and used it in writing the Account class code.

We can conclude that if the design deliverables of a specific class have been produced during the software
development cycle, then following TDD principles by first writing test scenarios and test cases, and
subsequently utilizing Generative Al to assist in coding that class, proves to be a highly effective method of
class implementation. The process of the TDD method applying Generative Al is as follows.

Step 1. Prepare Requirements for the Specific Class: Describe in detail the meanings and functionalities of
the class name, member variables, and member functions derived from the design phase. Particularly,
any rules or exceptions should be written in detail.

Step 2. Write Test Cases for the Class: Write various test cases to determine whether the member functions
operate as intended by the programmer. You may also receive assistance from Generative Al when
creating test cases.

Step 3. Review Test Cases: Check whether the test cases properly reflect the requirements and the
programmer’s intent. If there are aspects that are not adequately represented, supplement the
deliverables from Steps 1 and 2.

Step 4. Request Class Implementation from Generative Al: Input the requirements from Step 1 and the test
cases from Step 2 into the Generative Al to request the implementation of the class.

Step 5. Verify Whether Test Cases Are Passed: Use the test cases from Step 2 to verify the class
implemented in Step 4. If the tests are not passed, return to Step 1.

6. Conclusion

In this study, we explored the potential and effectiveness of integrating Generative Al into the Test-Driven
Development (TDD) methodology. To reduce the burden of writing test cases inherent in traditional TDD and
to efficiently generate code that meets programmers’ requirements, we introduced Generative Al into the
development process. The experimental results demonstrated that providing test cases to Generative Al
enabled the generation of code that accurately reflects the programmer's intent, positively impacting
development efficiency and code quality.

In particular, we confirmed that the stage of writing test cases in TDD is crucial to compensate for the
limitations of Generative Al, which may not fully understand the programmer's requirements when generating
code automatically. This suggests that the synergy between Generative Al and TDD can minimize errors and
security vulnerabilities that occur during the software development process.

Future research aims to expand the applicability to various programming languages and complex software
systems. Additionally, we plan to explore ways to build a more efficient development process by combining
improvements in Generative Al models with technologies for automatic test case generation. Such efforts are
expected to make significant contributions to rapidly developing high-quality software.
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