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Resumo

Esta dissertação explora a aplicação de Modelos de Linguagem (LLMs) no desenvolvi-

mento de software, com especial ênfase na construção de software de fim a fim usando

o modelo GPT4 da OpenAI. Um experimento exploratório foi realizado para avaliar os

benef́ıcios da utilização da interface do usuário ChatGPT durante o desenvolvimento de

uma aplicação de software. O estudo envolveu três participantes com ńıveis variados de

proficiência, encarregados de desenvolver um aplicativo web baseado exclusivamente em

um aplicativo de referência. O experimento revelou limitações significativas da interface

do usuário ChatGPT, particularmente para desenvolvedores com experiência limitada em

programação. Ou seja, os resultados indicam que o ńıvel de proficiência do desenvolvedor

influenciou significativamente sua capacidade de construir o software. O desenvolvedor

novato não conseguiu completar a tarefa com sucesso, enquanto o desenvolvedor mais ex-

periente produziu código de maior qualidade em comparação com os outros participantes.

Para enfrentar os desafios encontrados pelos desenvolvedores novatos, uma ferramenta

chamada NoCodeGPT foi desenvolvida. Esta ferramenta encapsula o conhecimento so-

bre tecnologia, ambientes de desenvolvimento e organização de arquivos, isto é, aspectos

nos quais os desenvolvedores novatos encontraram maiores dificuldades no nosso estudo

exploratório. Assim, o NoCodeGPT visa simplificar o processo de construção de soft-

ware, permitindo que desenvolvedores novatos criem software fim a fim sem intervenção

humana na geração do código da aplicação web. Para avaliar a eficácia do NoCodeGPT,

foram realizados dois experimentos com 14 desenvolvedores iniciantes, demonstrando uma

taxa de sucesso superior a 60% na construção de dois pequenos sistemas web. Isso in-

dica que NoCodeGPT ajudou a reduzir as limitações enfrentadas pelos desenvolvedores

menos experientes, aumentando sua capacidade de criar um aplicativo web mesmo sem

conhecimento prévio de programação. O estudo destaca o potencial das ferramentas que

utilizam LLMs para democratizar o desenvolvimento de software e melhorar os resultados

para desenvolvedores com diferentes ńıveis de experiência.

Palavras-chave: ciência da computação, engenharia de software, construção de sistemas,

modelo de linguagem de larga escala, ChatGPT.



Abstract

This dissertation explores the application of Language Models (LLMs) in software develop-

ment, with special emphasis on constructing end-to-end software supported by Language

Models such as GPT4. An exploratory experiment was conducted to evaluate the bene-

fits of using the ChatGPT user interface during software application development. The

study involved three participants with varying levels of proficiency, who were responsi-

ble for developing a web application based exclusively on a reference application. The

experiment revealed significant limitations of the ChatGPT user interface, particularly

for developers with limited programming experience. The results indicate that the devel-

oper’s level of proficiency significantly influenced his ability to build software. The novice

developer failed to complete the task successfully, while the more experienced developer

produced higher-quality code than the other participants. To address the challenges

faced by novice developers, a tool called NoCodeGPT was proposed. This tool encapsu-

lates knowledge about technology, development environments, and file organization where

novice developers encountered the most difficulties during the construction process. The

tool aims to simplify the software-building process, allowing novice developers to create

end-to-end software without human intervention in generating web application code. Two

experiments were conducted with 14 beginning developers to evaluate the effectiveness of

NoCodeGPT. The results demonstrated a success rate of more than 60% in end-to-end

software construction. This indicates that NoCodeGPT has helped reduce the limitations

faced by less experienced developers, increasing their ability to create a web application

even without prior programming knowledge. The study highlights the potential of tools

that use LLMs to democratize software development and improve results for developers

with different levels of experience.

Keywords: science computer, software engineering, construction software, large language

model, ChatGPT.
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Chapter 1

Introduction

1.1 Motivation

In recent years, Large Language Models (LLMs) have emerged as one of the most

significant innovations in the field of Artificial Intelligence, with a profound and growing

impact on various aspects of our modern society [36]. These models, which include archi-

tectures such as GPT-3 [5] and BERT [8], are capable of understanding and generating

text with fluency and coherence that rivals human capacity. Its applicability extends

from virtual assistants and chatbots to the generation of creative content and machine

translation, transforming the way we interact with technology and among ourselves.

In Software Engineering (SE), LLMs have demonstrated a considerable potential

to impact established practices and processes. The ability of these models to process and

generate natural language makes them valuable tools for automatic documentation, re-

quirements analysis, and even code generation [41]. In addition, they have been exploited

to improve the efficiency of tasks such as software testing, where they can generate test

cases or identify failures in systems [42].

Despite its potential, applying LLMs in Software Engineering has predominantly

focused on specific and smaller-scale tasks. Most current implementations use these mod-

els to solve particular problems, such as bug fixes or code refactoring, rather than address-

ing the development of complete systems. This is partly due to the complexity inherent

in large-scale software development, which involves writing code and integrating multiple

components, managing requirements, and ensuring quality.

The quality and relevance of LLMs output are also closely tied to the specificity

and clarity of the prompts provided by users [7]. This dependency presents a notable

challenge for novice developers who may lack the skills to create detailed and informative

prompts [20], thereby limiting the effectiveness of AI-assisted development.

The use of Large-scale Language Models (LLMs) is increasingly being adopted by

software developers, with some studies indicating important improvements in productiv-

ity. For instance, a recent study by GitHub, based on telemetry data from nearly one
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million users, found that developers tend to accept 30% of the code suggestions provided

by the Copilot tool.1 The study extrapolates that this adoption rate is equivalent to

adding 15 million developers to the global workforce of software professionals. It also con-

cludes that these productivity gains will have a significant impact as developers leverage

AI for solution design and accelerate digital transformation worldwide.

Other studies have explored the usage and benefits of language models in specific

software engineering tasks, such as fixing bugs [40,45], writing unit tests [39], writing code

comments [11, 38], and solving programming problems [26, 30]. However, to the best of

our knowledge, there are few papers that investigate the use of language models for the

end-to-end construction of software systems. This involves contexts where a developer

has a set of requirements and must design, implement, test, and validate an entirely

new system. In such scenarios, language models are used as code generators, receiving

prompts that describe the functional and non-functional requirements of a system and

producing a runnable software application as output. One exception is a paper by Peng

et al. [34], where the authors use GitHub Copilot to implement a web server starting

from a high-level textual description. However, this implementation is relatively small

(as it is a simple web server) and is performed entirely in JavaScript. It does not follow

widely adopted software architectures, such as those organized into front-end and back-

end components, which are prevalent in modern web-based systems. The implementation

also does not utilize popular frameworks for building web interfaces or database systems.

Another example is a demonstration conducted by one of the co-founders of OpenAI

during the launch of GPT-4.2 To showcase the capabilities of the new version, he drew a

mockup of an application on a napkin, and from a photo of that mockup, ChatGPT was

able to generate a functional web application, although it appeared to consist only of its

front-end component.

The existing literature, although rich in examples of LLMs applications for specific

SE tasks, reveals a significant gap: the lack of tools and methodologies that harness the

power of LLMs to support the end-to-end development of Web systems. While studies

such as Chen et al. [7] explore the use of LLMs for code generation, and others, like

Ahmad et al. [2], investigate its application in software testing, there is a lack of research

that integrates these capabilities into a cohesive workflow for the development of complete

systems.

This gap represents a promising opportunity for research. Developing tools that

enable the use of LLMs in the construction of web systems would extend the scope of

these models, but could also change the way systems are designed and implemented. By

exploring this direction, we could not only increase the efficiency and quality of software

1https://github.blog/news-insights/research/the-economic-impact-of-the-ai-powered-developer-
lifecycle-and-lessons-from-github-copilot/

2https://www.youtube.com/live/outcGtbnMuQ
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development but also facilitate access to advanced technologies, enabling developers of all

skill levels to create robust and scalable systems.

In summary, the motivation for this research lies in the need to contribute to

research and developing solutions that integrate LLMs into the development process of

Web systems in a comprehensive and effective way. In doing so, we hope not only to

contribute to the advancement of the state of the art in Software Engineering but also to

open new possibilities for the application of artificial intelligence in practical and large-

scale contexts.

1.2 Overview of the Dissertation

The main goal of this dissertation is to investigates solutions in the field of software

engineering for end-to-end implementation of Web systems, using ChatGPT as a support

tool. Particularly, our focus is to explore ChatGPT’s ability to build an end-to-end web

system, evaluating its efficiency in generating code for front-end, back-end, and database

architecture modules. The research was structured in three main stages, each addressing

a key aspect of the development and evaluation of Web systems with the aid of language

models.

1.2.1 Exploratory Study

The first study carried out in this dissertation had as main objective to evaluate the

use of ChatGPT in web systems development, focusing on its capabilities and limitations

in programming tasks and system design. The methodology adopted involved the use of

ChatGPT in realistic development scenarios, allowing a qualitative analysis of the results

obtained. This study was essential to identify both the potential and challenges associated

with ChatGPT in the context of software development.

Initially, we developed a small web-based system using specific technologies and six

user stories. This system served as a benchmark to establish the minimum requirements

expected for building a similar application. From this point of reference, we asked three

participants in an exploratory study to evaluate the benefits and limitations of using

ChatGPT in the process of building a web application.

During the study, each participant used the user interface provided by ChatGPT
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to build an application that met the same requirements of the reference implementation.

Analysis of the construction process of each participant revealed that novice developers

faced significant difficulties, which impacted the development process. This finding high-

lights the need for human supervision and the importance of a clear understanding of

ChatGPT’s limitations, especially for developers with less experience.

In addition, the study included an evaluation of the code generated by ChatGPT,

to determine the quality level of the produced code. The results indicated that, although

ChatGPT can accelerate development and offer creative solutions, the accuracy of the

generated code does not always meet the expected standards, reinforcing the need for

revision and adjustments by experienced developers.

Thus exploratory study provided valuable insights into the use of ChatGPT in web

systems development. It highlighted both the potential of the tool to accelerate processes

and foster creativity as well as the challenges related to accuracy and the need for human

supervision. These learnings are fundamental to guide future research and practices in

the use of language models in software engineering.

1.2.2 NoCodeGPT Tool

The design and implementation of NoCodeGPT represents the second essential step

of this research, focusing on simplifying the development of web systems and eliminating

the barriers faced by novice developers. NoCodeGPT was designed and implemented to

eliminate the need for advanced programming knowledge, allowing users without prior

experience to develop complete web applications efficiently and intuitively.

The motivation for the design of NoCodeGPT tool came from our exploratory

study, which identified significant difficulties faced by novice developers, negatively im-

pacting the development process. To mitigate these difficulties, the NoCodeGPT tool was

designed with a set of features that simplify the process of building web systems. Among

its main functionalities, the ability to automatically generate code for the front-end and

back-end directly in the project stands out, significantly reducing the need for manual

intervention. In addition, the tool offers predefined templates to streamline construction

and reduce the time required to implement web systems.. This functionality is crucial to

facilitate development, focusing on building applications from prompts that describe the

requirements desired by the user.

Moreover, NoCodeGPT’s user interface is designed to be intuitive and friendly,

making it easy for the user to interact with. The web allows users to request changes

through prompts and then view requested changes, being able to customize their ap-
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plications according to their needs and expected requirements, without the traditional

complexity associated with software development.

1.2.3 Evaluation of the NoCodeGPT Tool

The evaluation of the NoCodeGPT tool was conducted as the final step of our

research, to determine its effectiveness and usability in the context of web systems de-

velopment. For this, we performed two distinct experiments involving participants who

had a proficiency profile of beginners in the exploratory study. Both experiments were

designed to evaluate whether NoCodeGPT could overcome the main barriers identified

during the exploratory study.

The results of the experiments were promising. NoCodeGPT has proven to be

an effective tool for facilitating web system development, allowing novice developers to

build a web system. Participants reported that the tool was intuitive and easy to use,

even for those with limited or no programming experience. In addition, the quality of

the generated code was considered satisfactory, with only small improvements suggested

by participants. The overall satisfaction of users was high, with many highlighting the

potential of the tool in reducing the dependence on advanced knowledge and also being

able to speed up development time.

1.3 Outline of the Dissertation

The dissertation is organized in a five-chapter structure including this chapter.

The chapters that make up this dissertation are:

The Chapter 2 explores the related work and presents the fundamental concepts

about Large-scale Language Models (LLMs) and their application in software engineering

seeking to focus on software construction. These concepts form the theoretical basis on

which the dissertation develops.

In the Chapter 3, we detail our exploratory study, which evaluates the benefits

and limitations of using ChatGPT’s user interface in the software building process. This

chapter provides a critical analysis of the current capabilities and gaps that exist when

using ChatGPT.

Chapter 4 presents the NoCodeGPT tool, developed to overcome the barriers iden-
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tified in our exploratory study, which impacted novice developers by using only the Chat-

GPT interface for software development.

Chapter 5 describes two experiments conducted with 14 novice developers, assess-

ing whether NoCodeGPT effectively improves development capabilities and mitigates the

obstacles faced by these developers.

Finally, Chapter 6 closes the master’s thesis, offering final considerations and sug-

gesting directions for future research.
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Chapter 2

Related Work

2.1 Overview

The ChatGPTmodel, developed by OpenAI, is a language model that employs arti-

ficial intelligence to generate text-based responses interactively, simulating a conversation

with a user. It is based on the Generative Pre-trained Transformer (GPT) architecture,

which leverages a vast amount of textual data available on the internet for its training.

The training process involves a machine learning technique known as “unsupervised

learning”, as described by Müller et al. [27]. In this process, the model is exposed to a

large corpus of text, allowing it to learn linguistic patterns and general knowledge across

a wide range of topics. This enables the model to provide information and perform more

advanced tasks. According to Ouyang et al. [32], the model undergoes “fine-tuning” for

specific tasks using a large set of dialogue examples, where an input (user’s question or

message) and an output (model’s response) are provided. Through these examples, the

model learns to map an input to an appropriate response.

Brown et al. [5] describes that during text generation, ChatGPT operates based

on probabilities, attempting to predict the next word or phrase using the given context.

It utilizes the context provided by the user to generate relevant responses, predicting the

next word or phrase based on prior context and available information. He affirms that

the model is also capable of leveraging general information and prior knowledge due to

its training on a diverse array of texts, allowing the ChatGPT to produce coherent and

relevant text in response to an input prompt, using previous contexts to understand and

generate contextually appropriate responses.

Radford et al. [35] highlights the importance of knowing that ChatGPT not only

replicates information but also creates original text, making it useful for a variety of

applications such as text generation, question answering, and more. However, ChatGPT

may occasionally produce incorrect, confusing, or unsatisfactory responses. Therefore, it is

advisable to critically evaluate the generated responses and consider consulting additional

sources for accurate and reliable information.
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This chapter provides a comprehensive overview of works related to our mas-

ter’s dissertation. In Section 2.2, we explore research papers on Large Language Models

(LLMs). Section 2.3delves into studies concerning the use of LLMs for app generation.

In Section 2.4, we examine research focused on employing LLMs to solve code challenges.

Section 2.5 reviews studies on using LLMs to support software maintenance and testing.

This section is further divided into two subsections: Subsection 2.5.1 concentrates on pa-

pers utilizing LLMs in software maintenance, while Subsection 2.5.2 highlights research

employing LLMs in software testing. Section 2.6 reviews comprehensive studies, followed

by Section 2.7, which discusses the security implications of using LLMs. Section 2.8 cov-

ers papers on other applications of LLMs in software engineering. The chapter concludes

with Section 2.9, which provides final comments.

2.2 Large Language Models

The GPT-4 Technical Report by OpenAI [1] highlights significant advancements

in large language model technology, particularly in the realm of code generation. As an

evolution of its predecessor, GPT-3, GPT-4 showcases enhanced capabilities in natural

language processing tasks, which extend to generating code. The report details improve-

ments in GPT-4’s architecture, featuring a larger and more optimized parameter set that

allows it to excel in various benchmarks, including those related to code generation. The

Report by OpenAI highlights GPT-4’s ability to handle complex prompts and logical rea-

soning is particularly beneficial for code generation tasks, where understanding intricate

instructions and producing accurate, functional code is crucial. The model’s improvements

in factual accuracy and consistency address previous challenges such as hallucination and

inconsistent output, making it more reliable for technical applications, including software

development and programming assistance. Furthermore, OpenAI emphasizes safety and

alignment strategies in GPT-4, which are critical for code generation. By reducing bias

and preventing harmful outputs, GPT-4 is better aligned with user intentions, ensuring

that generated code is not only functional but also ethical and secure. These enhance-

ments make GPT-4 a powerful tool for developers, offering reliable support in generating

high-quality code across various programming languages and contexts.

The study conducted by researchers at Meta [28], presents CodeCompose, an AI-

assisted code authoring tool developed and implemented internally at Meta. CodeCom-

pose is based on the InCoder language model, which combines generative abilities with

bidirectionality, meaning it can suggest entire code blocks or statements during the code

creation process. This tool has been scaled to serve tens of thousands of developers at
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Meta, spanning over ten programming languages and various coding platforms. The study

discusses the unique challenges that arise when deploying such tools in large industrial en-

vironments, including user experience and performance metrics. The research highlights

a 22% acceptance rate of CodeCompose suggestions across multiple languages, with 8%

of total user-written code being derived from these accepted suggestions. Metrics from

the large-scale deployment of CodeCompose reveal its impact on internal code authorship

at Meta over a 15-day period, during which CodeCompose offered 4.5 million suggestions.

Qualitative analysis results show overwhelming positive reception, with 91.5% of partici-

pants viewing CodeCompose favorably. The tool not only aids in code creation but also

encourages developers to produce more code documentation and assists them in discov-

ering new APIs. Looking to the future, the researchers outline plans to enable additional

features, including enabling block completions, where developers can receive suggestions

for larger chunks of code and more interaction modalities, such as an IDE-integrated

conversational interface.

2.3 Using LLMs to Generate Apps

Recent studies in software engineering have increasingly focused on reducing depen-

dency on traditional coding through low-code and no-code platforms, aiming to bridge the

gap between technical and non-technical users. Research by Hagel, Hili, and Schwab [13]

notably discusses methods for transforming low-code platforms into true no-code envi-

ronments, enabling users without formal programming knowledge to build sophisticated

applications. Their work identifies that the effective integration of domain-specific lan-

guage (DSL) prompts with LLMs is a critical step toward achieving this transformation.

By tailoring prompts to specific tasks, LLMs can better interpret user intentions, reduc-

ing errors and optimizing output for non-programmer-friendly applications. This aligns

with the trend toward more accessible development processes, as discussed in foundational

studies in the field of visual programming and end-user development.

Harter’s [14] research on the use of LLMs for developing Human-Machine Interfaces

(HMIs) within no-code frameworks emphasizes the importance of accuracy and reliability

in LLM output for environments where errors may lead to significant risks. The integra-

tion of LLMs with existing application programming interfaces (APIs) in such domains

facilitates the automatic generation of interfaces, reducing the need for developer inter-

vention and ensuring adherence to regulatory standards without extensive programming

requirements. The research thus points toward potential frameworks that would allow

more widespread adoption of no-code solutions even in sensitive sectors.
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A study with specific context conducted by Le and Zhang [22] describes their re-

search on leveraging ChatGPT to automatically implement log file analyzers. The study

evaluates ChatGPT’s ability to perform automated log analysis, focusing on two research

questions: (1) Can ChatGPT effectively analyze logs? (2) How does ChatGPT perform

with different prompting methods? This work stands as one of the initial investigations

into ChatGPT’s analytical capabilities, revealing that ChatGPT is particularly effective

when provided with few-shot prompting. This approach involves giving ChatGPT small

examples to guide its learning in performing log analysis tasks, which appears to enhance

its performance. Three metrics were employed to evaluate the results: Group Accuracy,

Message Level Accuracy, and Edit Distance. For Group Accuracy, ChatGPT achieved top

precision in three of the 16 datasets analyzed, with an average precision of 0.721. They

used baselines in the three metrics to compare the effectiveness of ChatGPT in log anal-

ysis tasks, using five state-of-the-art log analysis tools as baselines: AEL [18], Spell [9],

Drain [15], Logram [23] and SPINE [43]. This result surpasses Logram’s [23] average per-

formance by 33.5% and reaches 85% of the effectiveness of the best benchmark solution,

Drain [15]. In terms of Message Level Accuracy and Edit Distance, ChatGPT signifi-

cantly outperformed other solutions, with improvements ranging from 41.0% to 212.1%

in Message Level Accuracy and 14.2% to 50.2% in Edit Distance. ChatGPT excelled in

10 of the 16 datasets for Message Level Accuracy and 8 of the 16 for Edit Distance. This

indicates its capability to differentiate variable tokens within log messages, as evidenced

by high Message Level Accuracy values. However, ChatGPT faced challenges correctly

identifying specific log information, which varies significantly across data (such as domain

URLs, API endpoint addresses, block/task IDs, etc.), leading to lower Group Accuracy

scores. The document also provides examples of log models generated by both ChatGPT

and the Drain, highlighting ChatGPT’s strength in accurately identifying variable values

and types, though noting its difficulty in recognizing certain specific log information as

single variables.

Guo [12] explores the growing interest in AI tools such as ChatGPT and GitHub

Copilot within the realm of software development. These tools have been praised for

their ability to assist with coding tasks, yet their effectiveness in real-world programming

scenarios remains a subject of ongoing debate. Numerous blog posts and articles have

documented initial experiences with these AI tools, often emphasizing their potential to

address small, self-contained programming problems. However, transitioning from han-

dling isolated tasks to managing comprehensive software projects presents a significant

challenge. Guo also highlights the development of Swift Papers, a project designed to

integrate AI into a realistic programming task, serving as a case study for examining the

capabilities of AI tools. The project involved creating a Chrome extension that plays

music from the year a research paper was published, utilizing AI to assist in design and

implementation. The creation of the extension underscored the challenges of relying solely
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on AI for complex tasks, such as setting up development environments, managing permis-

sions, and integrating third-party APIs. Throughout the project, the limitations of AI

tools in providing comprehensive guidance and context-aware assistance became appar-

ent. While ChatGPT offered valuable insights and code suggestions, it often defaulted to

outdated information and required explicit prompts to generate optimal solutions. This

highlights the necessity of human expertise in navigating the intricacies of real-world pro-

gramming tasks. Guo asserts that advancements in AI tools should focus on enhancing

their ability to teach and guide users through complex software projects.

2.4 Using LLMs to Solve Code Challenges

The study conducted by Dakhel et al. [26] aimed to evaluate GitHub Copilot’s

ability to generate solutions for fundamental algorithmic problems and compare them

to those created by human programmers. The research found that GitHub Copilot can

provide solutions for most fundamental algorithmic issues, although some solutions may

contain errors. The study noted challenges in the integration of different methods, yet

the quality of GitHub Copilot’s suggestions matched that of humans and required less

effort for correction. However, it cautioned that GitHub Copilot might not be as effective

for novice developers, who may struggle to distinguish between the tool’s correct and

incorrect suggestions. The research emphasizes GitHub Copilot’s value as a programming

resource, especially for participant developers. For future development, the researchers

suggest creating a tool to filter out erroneous and suboptimal suggestions from GitHub

Copilot to enhance its utility in software development contexts.
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2.5 Using LLMs to Support Software Maintainance

and Testing

2.5.1 Software Maintainance

The study Koh [21] presents a workflow using LLMs to automate the creation

of design structure matrices, crucial in engineering and project management. This ap-

proach supports the construction of complex models by non-technical users, highlighting

the LLMs’ ability to simplify traditionally complex workflows and reduce dependency

on specialized skill sets. Koh’s study emphasizes that the implementation of LLMs for

such tasks not only democratizes access but also paves the way for greater innovation in

workflow automation.

The potential of Large Language Models (LLMs) to comprehend and generate code

within a defined context is advancing the concept of LLMs as “co-pilots” in development

tasks. Studies show that such models can be trained or prompted to produce accurate

code suggestions, assist in debugging, and generate functionality descriptions, thereby

easing the development process. For instance, Nam, Macvean, and Hellendoorn [29]

highlight how LLMs can parse entire codebases or individual code segments to assist

developers with limited technical backgrounds, thus furthering the potential for truly

no-code solutions. Additionally, their findings on prompt optimization underscore the

importance of prompt quality and specificity, a recurring theme in LLM-related research,

especially for applications within no-code platforms.

The study by Busch, Bainczyk, and Steffen [6] explores the application of Large-

scale Language Models (LLMs) in software generation within a Language-Driven Engi-

neering (LDE) framework, particularly emphasizing NoCode/LowCode development sce-

narios. Their approach integrates LLM-based code generation with domain-specific lan-

guages (DSLs) to break down complex tasks into smaller, more manageable components.

This strategy enables LLMs to generate code for less complex tasks, while other tasks are

addressed using textual or graphical DSLs. A practical example provided in the study

is the migration of a point-and-click adventure generator from JavaScript to TypeScript.

This migration is facilitated by decomposing tasks into smaller segments, where game logic

is articulated in natural language, and the foundational code is generated from graphical

models. The validation of the migrated system is conducted through automata learning

and model analysis, allowing for the verification of migration accuracy by comparing the

outputs of the original and migrated systems. The approach underscores the capability of
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LLMs to automatically incorporate type information necessary for TypeScript and main-

tain automatic validation through automata learning, thereby ensuring the reliability of

the generated code.

The study realized by Liu et al. [24] delves into the quality and reliability of code

generated by ChatGPT in Java and Python, utilizing a dataset of 2,033 programming

tasks sourced from LeetCode, which vary in difficulty. The research identifies several key

factors that influence the performance of the generated code. One significant factor is the

difficulty level of the task, which directly affects the quality of the output. Additionally,

the timing of when a task was introduced plays a crucial role, with a noticeable decline in

performance for tasks introduced after January 2022. The size of the program is another

important factor, as it impacts the quality of the generated code. The study analyzed

4,066 programs generated by ChatGPT. Where 2,756 programs were classified as cor-

rect, whereas 1,082 produced incorrect outputs. Additionally, 177 programs encountered

compilation or execution errors, and 1,930 exhibited maintainability issues. The study

highlights several common problems in the generated code, including errors, incorrect

outputs, style and maintainability concerns, and performance issues. These challenges

underscore the difficulties of relying solely on AI-generated code for practical applica-

tions. Moreover, the study assessed ChatGPT’s ability to self-correct. It was found that

the quality of the code could improve by 20% when incorporating feedback from static

analysis tools. Despite this improvement, limitations persist, indicating that while Chat-

GPT can enhance code quality to an extent, further refinement is necessary to ensure its

reliability in practical applications.

The study conducted by Nguyen et al. [30] involved an empirical analysis of the ac-

curacy and comprehensibility of synthesized code solutions provided by GitHub Copilot,

using 33 LeetCode problems as a reference. The Copilot’s suggestions were evaluated for

languages like Java, JavaScript, Python, and C. The correctness of the proposed solutions

was tested on LeetCode, while comprehensibility was assessed using cognitive complex-

ity and cyclomatic complexity metrics. The findings indicated that Python suggestions

closely matched GitHub’s internal assessment of Copilot. Java suggestions achieved the

highest accuracy score at 57%, in contrast to JavaScript solutions, which had the lowest

score at 27%. Moreover, the study highlighted that Copilot-generated suggestions gen-

erally exhibited low complexity, with no statistically significant differences in complexity

scores across different languages for the same solution. Potential deficiencies in Copilot

were identified, including the generation of code segments that could be further simplified

or compacted and reliance on undefined auxiliary methods. LeetCode was chosen as the

testing platform for Copilot’s suggestions as it provides the necessary context to formu-

late Copilot queries and evaluate solution accuracy through test cases. To measure the

comprehensibility of the suggestions, SonarQube was employed to calculate cognitive and

cyclomatic complexities, both of which positively correlated with code comprehensibility.
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In summary, the investigation revealed that Copilot suggestions are characterized by low

complexity, with no significant statistical differences in complexity scores for the same

solution across different programming languages. Additionally, certain limitations such

as the potential for code simplification or compactness and the inclusion of undefined

auxiliary methods were identified in Copilot’s generated code.

In their study, Mastropaolo et al. [25] explored the robustness of GitHub Copi-

lot by investigating whether semantically equivalent descriptions would lead to the same

code recommendations from Copilot. The research involved generating 892 Java meth-

ods from original descriptions and then creating semantically equivalent descriptions both

manually and automatically. The equivalent descriptions were generated manually and

using automated tools such as PEGASUS and TP. PEGASUS, a deep learning-based tool

for automated paraphrasing, and TP, a heuristic-based approach, were utilized to create

equivalent descriptions of the functions. These descriptions were then used to test the ro-

bustness of GitHub Copilot’s ability to recommend code based on them. The original and

equivalent descriptions were input into Copilot, and the researchers analyzed the percent-

age of cases where equivalent descriptions resulted in different code recommendations, as

well as the impact on the recommendation quality. Additionally, they employed approved

tests as indicators of the correctness of the recommendations generated by Copilot. The

study revealed that altering the description resulted in different code recommendations in

approximately 46% of the cases. Furthermore, it was found that variations in the equiv-

alent descriptions could affect the correctness of the generated code by about 28%. The

researchers concluded that the input description plays a critical role in code recommen-

dation, emphasizing the need to test and enhance the robustness of deep learning-based

code generators.

The study conducted by Geng et al. [11] investigates the use of Large Language

Models (LLMs) for generating code comments that cater to multiple intentions, lever-

aging the paradigm of in-context learning. In-context learning is a paradigm where a

large language model (LLM) is provided with a prompt that includes a natural language

instruction, a handful of examples demonstrating how the task should be performed, and

a query that needs to be addressed. The model uses this context to generate a response

to the query without any parameter updates or additional training. This approach lever-

ages the knowledge the model has acquired during its pre-training on large-scale datasets,

allowing it to generalize well to new tasks with minimal examples. The primary aim of

the research is to explore the potential of LLMs, such as Codex, in effectively producing

code comments without the need for specific training or fine-tuning for this task. The

study evaluates Codex’s ability to generate multi-intent comments through zero-shot,

one-shot, and few-shot learning. The focus is on determining whether basic in-context

learning can compete with or surpass advanced methods. The study details the employed

methodology, which includes defining a model for multi-intent comment generation, a
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demonstration retrieval approach to better guide the model on expected behavior, and

reranking strategies aimed at improving the quality of generated comments. The study

concludes by highlighting the positive outcomes of the proposed approaches. Specifically,

it demonstrates that when Codex is provided with a few examples (specifically ten or

more) as prompts, it can generate code comments that are more accurate and useful than

those produced by the latest supervised learning methods. This finding paves the way

for future research into using LLMs in multi-intent code comment generation tasks and

suggests potential improvements for the methodologies employed.

Research conducted by Shin et al. [38] examined the efficiency of the generative

LLM GPT-4 compared to 18 other similar models across three standard AI-assisted Soft-

ware Engineering tasks: code generation, code summarization, and code translation. To

assess the effectiveness of GPT-4, the researchers employed three different prompt engi-

neering techniques, which are methods of providing instructions to the model. The study

indicates that GPT-4 does not necessarily outperform the other models in all tasks. In

code commenting, GPT-4 surpassed the top-ranked fine-tuned model by an average of

8.33 percentage points in BLEU, a metric used to measure the effectiveness of automatic

translations. However, in code generation, the top-ranked fine-tuned model outperformed

GPT-4 by an average of 16.61 and 28.3 percentage points in BLEU. In code translation,

there was a tie between GPT-4 and other fine-tuned models. The study also included

feedback from 27 postgraduate students and 10 industry professionals, who assisted in

evaluating the quality of GPT-4’s responses. It was observed that GPT-4’s performance

significantly improved when prompts were interactive, meaning human feedback and in-

structions were exchanged back and forth with the AI. The findings suggest that GPT-4

holds significant potential for software engineering tasks but still requires human interac-

tion to maximize its performance and needs further research and improvements.

2.5.2 Software Tests

The research conducted by Siddiq et al. [39] investigates the capabilities of Large

Language Models (LLMs) such as GPT-3.5, Codex, and CodeGen in generating unit tests

within the context of Test-Driven Development (TDD). The primary goal of this study

was to assess the effectiveness of these LLMs in producing unit tests and to examine

how different contextual styles influence their performance in this task. To address crit-

ical questions regarding the efficiency of LLMs in generating unit tests, the study was

structured around two key research questions. The first question focused on evaluating

the ability of LLMs to generate tests. In contrast, the second aimed to identify specific



2.5. Using LLMs to Support Software Maintainance and Testing 29

elements of a code context that could impact the success of creating these unit tests.

To explore these research questions, the study employed a rigorous methodology, which

involved selecting code from Java projects tested with JUnit5 and using three different

LLMs to generate unit tests. The analysis included data collected from implementations

of solutions from AWS Labs’ HumanEval and 47 projects from the EvoSuite SF110 bench-

mark, selecting specific classes and methods for test generation. The LLMs were tasked

with creating 10 test cases for each method, using distinct strategies due to limitations

such as token count. The analysis of the data generated by the LLMs revealed multi-

ple facets, including test compilation, coverage, correctness, and the presence of “test

smells”. A tool called TsDetect was used to identify common issues in tests, known as

“test smells”. The study’s findings highlighted the relatively inferior performance of LLMs

compared to EvoSuite across various dimensions. Notably, EvoSuite was able to produce

a unit test for each of the 160 classes under test, whereas ChatGPT 3.5 managed only

130 compilable unit tests. Additionally, it was observed that LLMs, in some instances,

tended to “hallucinate” types, methods, or paths that did not exist during test genera-

tion. The study concludes that while LLMs demonstrated performance close to that of

EvoSuite on the HumanEval dataset, their performance was considerably worse on the

open-source projects of EvoSuite, particularly concerning coverage. LLMs still have a sig-

nificant journey ahead before becoming robust and reliable tools for unit test generation

in TDD environments. However, the research underscores the potential of these tech-

nologies as starting points in the TDD process and suggests directions for future work

aimed at improving LLMs to better understand language semantics, thereby increasing

test correctness and compilation rates.

The study of Xia et al. [45] aims to enhance the efficiency of Automated Pro-

gram Repair (APR), which is used to automatically fix software issues. Traditional APR

methods based on machine learning face the challenge of a limited variety of fixes, ren-

dering them ineffective for addressing complex bugs. This limitation stems from their

reliance on bug-fix datasets for modeling corrections or predicting possible solutions. The

researchers utilized Large Language Models (LLMs), trained with billions of text/code

tokens, instead of depending solely on limited bug-fix datasets. They explored the use of

nine advanced LLMs for APR. The study applied three different repair configurations to

the LLMs, designed to evaluate their potential in generating software fixes:

1. Generation of a complete fix function;

2. Filling in a code snippet with a prefix and suffix;

3. Generation of a single-line fix.

These configurations were tested across five different datasets in three different

programming languages. The study’s results were quite positive, demonstrating that
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the advanced LLMs significantly outperformed all existing APR techniques on the tested

datasets. The researchers concluded that, generally, larger models tend to perform better.

Additionally, the LLMs produced patches with higher compilation rates, proving efficient

in patch classification and verification of their correctness. The researchers suggest that

the performance of LLM-based APR can be further improved by increasing the sample size

and incorporating information from correction models. The study indicates a promising

future for the use of LLMs in automatic program repair, highlighting significant benefits

such as the ability to fix a greater number of bugs, faster patch generation speeds, and

higher compilation rates compared to existing APR techniques.

The research conducted by Sobania et al. [40] explores the capability of ChatGPT

in identifying and repairing errors in programming code. Aimed at assisting software

developers in bug detection and correction, various automated program repair (APR)

techniques have been introduced, many of which are based on deep learning approaches.

The study evaluates ChatGPT’s performance using the QuixBugs benchmark set, which

consists of challenging yet small problems in terms of lines of code, all written in Python.

According to the authors, the primary innovation of ChatGPT is its dialogue system,

which allows the inclusion of additional information (such as expected outputs or ob-

served error messages), potentially increasing its success rate in bug correction. The

analysis compares ChatGPT’s performance with other DL-based APR approaches, such

as CoCoNut and Codex, as well as with standard APR methods reported in the literature.

The results indicate that ChatGPT’s performance is competitive, successfully correcting

19 out of 40 bugs from the benchmarks without additional information and achieving an

even higher success rate, correcting 31 out of 40 bugs, when extra information is pro-

vided through its dialogue system. This performance surpasses both DL approaches like

CoCoNut and Codex and standard APR methods, revealing the potential of large-scale

language models for programmatic repair when combined with interactive dialogue. The

study demonstrates that while ChatGPT is effective in detecting and correcting simple

bugs, it struggles with more complex errors involving intricate programming logic. To

better illustrate their findings, the authors categorized the responses generated by Chat-

GPT and conducted brief dialogues with the model, providing pertinent observations

about the work performed. The responses were classified into various categories such as

“More Information Needed”, “No Bug Found”, “Correct Fix Provided”, “Attempts to

Fix Something Else”, “Provides a Solution but Introduces a New Bug”, and “Alternative

Implementation”. Overall, the study concludes that ChatGPT can be an effective tool

for automatic program repair, especially when utilizing its dialogue capability to provide

more context about the bugs.

TestGen-LLM is an automated testing tool developed by Meta, that leverages

two Large Language Models to enhance unit test case generation. A study conducted

by Alshahwan et al. [3] evaluated the tool’s effectiveness in real-world software develop-
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ment. The research involved three test-a-thons, revealing several key insights. Notably,

TestGen-LLM improved 196 out of 1,979 test classes, which translates to approximately

10% enhancement. Developers accepted 73% of the tool’s recommendations, indicating

a high level of trust and usability. Furthermore, 75% of the generated tests were con-

structed correctly, and 57% of these tests passed reliably, showcasing the tool’s capability

to produce functional test cases. Additionally, there was a 25% increase in line coverage,

highlighting the tool’s contribution to more comprehensive testing. The tool collaborates

with human engineers, who are crucial in reviewing and validating the generated tests to

ensure they adhere to coding standards. This collaborative approach underscores the po-

tential of automated testing tools to augment human expertise, rather than replace it while

maintaining code quality and preventing regression issues. However, the performance of

TestGen-LLM varied between the Facebook and Instagram platforms, primarily due to

differences in the available training data. In examining the performance of TestGen-LLM

across different platforms, notable variations were observed between Facebook and Insta-

gram, primarily attributed to disparities in the available training data. The success rate

for generating new test cases was marginally higher for Facebook, at 0.05, compared to

Instagram’s 0.04. Interestingly, Instagram had a greater number of clinical trials, totaling

23,535, in contrast to Facebook’s 8,996. However, Facebook’s training data included ap-

proximately ten times more examples of human-written test cases than Instagram’s, likely

contributing to its superior success rate. thesee findings underscore the significant influ-

ence that both the quantity and quality of training data have on the efficacy of automated

testing solutions like TestGen-LLM. The results suggest that platforms with more com-

prehensive and diverse training datasets may achieve better performance in generating

accurate and effective test cases.

2.6 Comprehensive Studies

Sadik et al. [37] research aimed to evaluate the use of ChatGPT as an intermediary

between programmers’ natural language and machine code, identifying its benefits and

limitations. The study’s results indicate that while large language models (LLMs) can

save time and improve efficiency in software development, they are not yet equipped to

replace human programmers entirely. The areas addressed include code generation, doc-

umentation, bug detection and correction, code refactoring, and step-by-step execution

of source code, among other applications. The study identifies challenges such as han-

dling complex logic, inadequate short-term memory, vulnerability to adversarial inputs,

and an inability to learn new content in real time. Additionally, it warns of the risks as-
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sociated with over-dependence on ChatGPT-generated solutions, including the potential

generation of biased or useless code, alongside concerns regarding security, environmental

impact, and the economic and legal implications of using such technologies. It was also

noted that while several areas require improvement, Codex models surpass GPT models

in accuracy when solving programming problems.

A collaborative study conducted by researchers from Microsoft Research, GitHub,

and MIT [34] examined the impact of Artificial Intelligence (AI) on developer productivity.

Participants in the study were software developers tasked with implementing an HTTP

server in JavaScript as quickly as possible. These developers were split into two groups:

one had access to the AI tool GitHub Copilot, while the other worked without such

assistance. The study found that the AI tool had a significant effect on the developers’

productivity, enabling them to complete the assigned task 55.8% faster. This suggests

that the tool is particularly beneficial for less experienced programmers, aiding in their

professional development. However, it is crucial to note that the research did not evaluate

the quality of the code produced with the assistance of GitHub Copilot, leaving room

for further studies to explore this aspect. Additionally, there is a need to assess the

performance of AI tools across various tasks and programming languages. The researchers

speculate that if these findings could be generalized to the entire developer population,

there would be a substantial increase in productivity, would imply a significant amount of

cost savings in the economy, and have a notable impact on Gross Domestic Product (GDP)

growth. Yet, the study emphasizes that it remains uncertain how these productivity gains

would be distributed and the potential implications on work dynamics.

The study by Nguyen-Duc et al. [31] investigates the application of Generative

Artificial Intelligence (GenAI) tools within the field of Software Engineering, emphasiz-

ing both their potential benefits and inherent challenges. The research delineates 78

open research questions across 11 distinct areas of Software Engineering, which include

Requirements Engineering, Software Design, Software Implementation, Quality Assur-

ance, Software Maintenance and Evolution, Software Processes and Tools, Engineering

Management, Professional Competencies, Software Engineering Education, Macro As-

pects, and Fundamental Concerns. In the domain of Requirements Engineering, GenAI

is identified as a tool for the elicitation, specification, validation, and prediction of re-

quirement changes. Within Software Design, GenAI can facilitate the selection of design

and architectural patterns, support decision-making processes, and automate continuous

improvements. For Software Implementation, GenAI can be integrated into programming

tasks such as code generation, code completion, API search, and the validation of gener-

ated code. In the area of Quality Assurance, GenAI offers the potential to automate test

case creation, maintain tests, and integrate seamlessly into quality assurance pipelines.

Regarding Software Maintenance and Evolution, GenAI can assist in code translation,

refactoring, automatic program repair, and anomaly detection. In Software Processes
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and Tools, GenAI can be embedded into development environments, enhance CI/CD

practices, and automate build and deployment processes. In Engineering Management,

GenAI’s influence extends to project management, human resources, human-AI collab-

oration, and economic impact. For Professional Competencies, GenAI can address skill

shortages, enhance productivity, and serve as an advisor for software professionals. In

Software Engineering Education, GenAI can be incorporated into curricula, personalize

learning experiences, and foster the development of critical skills. On a broader scale,

GenAI can affect Macro Aspects such as business models, market competitiveness, intel-

lectual property, sustainability, and ethical considerations. The research also addresses

Fundamental Concerns, including industry-level evaluation, reliability, explainability, and

the sustainability of GenAI. The paper references tools such as ChatGPT, GitHub Copi-

lot, and Amazon CodeWhisperer, which are utilized for tasks in requirements engineering,

software design, and implementation. Two international events significantly contributed

to this research: the first international workshop on AI-assisted Agile Software Devel-

opment, which examined the benefits and challenges of AI-assisted Agile development,

and the international workshop on Requirements Engineering for Software Startups and

Emerging Technologies (RESET), which focused on GenAI and Requirements Engineer-

ing. These events were instrumental in identifying practical challenges and future expec-

tations for GenAI’s role in software development. The paper concludes that while GenAI

is poised to bring substantial changes to Software Engineering, the research in this area

is still nascent, with much left to explore.

The research of Jin et al. [19] provides significant insights into the interaction

between programmers and ChatGPT in code generation. Initially, it was observed that

programmers predominantly use ChatGPT to enhance existing code rather than to gener-

ate new code. In terms of quality, a substantial portion of the generated code was deemed

unusable or of low quality, with 32.8% of the snippets not being utilized. Regarding

interaction, programmers who provided specific snippets achieved results more quickly

with fewer clarifications, indicating that the nature of interactions affects efficiency. The

utilization of code was categorized into various labels, such as “Exact Match”, “Modified

Code”, “Documentation” and “Supplementary Information”, to ensure accuracy, each

code snippet was reviewed by two co-authors independently. Any disagreements were

resolved through discussion until a consensus was reached. To improve LLMs like Chat-

GPT, the authors suggest enhancing the accuracy of code generation, addressing quality

issues with more diverse and high-quality data, better understanding the dynamics of

interactions, incorporating developer feedback mechanisms, and expanding use cases to

include activities like debugging and code review. The dataset used, named DevGPT, was

created by collecting ChatGPT interactions from GitHub and comprises 17,913 prompts

and responses, including 11,751 code snippets, collected between July and August 2023.

The analysis included manual data cleaning and labeling to ensure relevance. The study
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posed two research questions: Research Question 1 (RQ1) investigates how programmers

interact with ChatGPT, identifying at which stage of development it is used, the duration

of conversations, and the request strategies employed. Research Question 2 (RQ2) evalu-

ates the utility of the generated code, especially in Pull Requests, categorizing code usage

and examining how it is integrated into projects. The results revealed significant insights

into how developers interact with the tool and the effectiveness of the generated code.

Regarding the Generated Code Usage Rate, it was found that 16.8% of conversations

resulted in code used exactly as generated, without modifications, and 26% of the gener-

ated code was used after significant modifications, such as variable renaming or adding

exception handling. A considerable portion of the generated code was not used directly

but served as supplementary information or inspiration. Most interactions (64%) focused

on improving existing code, indicating that developers frequently use ChatGPT to refine

and optimize existing code rather than generate entirely new code. Conversations were

categorized into different types of requests, with a predominance of improvement requests.

The study concludes that ChatGPT can be a valuable tool for developers, especially in

improving existing code. The ability to generate code that is frequently used, even if

modified, suggests that language models play a significant role in supporting software

development.

2.7 Security Implications of Using LLMs

The study conducted by Asera et al. [4] presents a comparative empirical analysis

of code generated by the Copilot tool, with a focus on security issues. The research

aimed to determine whether Copilot introduces vulnerabilities into software as frequently

as human developers do. The study utilized samples from the Big-Vul dataset, which

comprises vulnerabilities in C and C++ code projects from 2002 to 2019. A total of 4,432

samples were analyzed to identify the presence of vulnerabilities and their fixes. During

the analysis, the suggestions generated by Copilot were categorized based on whether

they reintroduced the vulnerability or matched the original fix, using a two-stage process.

The categories included exact matches with the original vulnerable code, matches with

the fixed code, and other categories for suggestions that did not fit the previous ones.

The results of the empirical analysis concluded that Copilot is not as bad as human

developers at introducing vulnerabilities in code. It was found that in approximately 33%

of cases, Copilot replicated the original vulnerable code, and in 25% of cases, it replicated

the fixed code. Additionally, variations in Copilot’s performance were identified across

different types of vulnerabilities, with a tendency to generate vulnerable code in response
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to prompts corresponding to older vulnerabilities. The study also concluded that using

Copilot to fix security bugs is risky, as the tool introduced vulnerabilities in one-third of

the analyzed cases. Finally, the study indicates that further investigation into Copilot’s

behavior is hindered by the lack of access to the training data used in its programming.

The research conducted by Pearce et al. [33] highlights a growing interest in uti-

lizing artificial intelligence (AI) systems to assist in the design of computational systems,

including tools that automatically generate code, such as GitHub Copilot. However, the

study points out that Copilot has processed a vast amount of unverified code, which may

contain flaws, potentially leading to exploitable and buggy code. Based on this evidence,

the researchers systematically investigate the prevalence and conditions that might cause

GitHub Copilot to recommend insecure code. The study describes an analysis where

Copilot was tasked with generating code in scenarios related to high-risk cybersecurity

vulnerabilities, such as those listed in the MITRE’s “Top 25” Common Weakness Enu-

meration (CWE). The research evaluated Copilot’s performance based on three distinct

axes of code generation: diversity of weaknesses, diversity of prompts, and diversity of do-

mains, across a total of 89 different scenarios. In these scenarios, Copilot generated 1,689

programs, of which approximately 40% were identified as vulnerable. The researchers

discuss that from a security perspective, Copilot’s responses are mixed, with a significant

number of vulnerabilities generated (39.33% of the best options and 40.73% of the to-

tal options were vulnerable). They also argue that the variable security may be due to

community code on GitHub, where more visible bugs tend to be reproduced by Copilot.

Additionally, software security practices can evolve over time, causing approaches once

considered secure to become obsolete, which may lead Copilot to generate code based on

outdated methods. The research identifies several limitations in evaluating the security

of the generated code, including limitations of the CodeQL tool, issues with statistical

validity, and the challenge of reproducing results generated by a generative model. The

study provides new insights into Copilot’s behavior in security-relevant scenarios, and

future work should explore other avenues, including adversarial approaches for enhanced

security training. The research concludes that while tools like GitHub Copilot can boost

software developers’ productivity, it is crucial for developers to remain vigilant when us-

ing it, pairing it with appropriate security tools both during training and generation to

minimize the risk of introducing vulnerabilities.
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2.8 Other Applications of LLMs in Software

Engineering

The use of large language models (LLMs) in software engineering has grown sig-

nificantly, prompting Hou et al. [17] to conduct a systematic literature review on their

applications, capabilities, and challenges. This review synthesizes the landscape of LLM-

driven solutions in software engineering, from code generation to bug detection, and iden-

tifies key areas where these models are transforming traditional workflows. The authors

examine various LLMs, including GPT and CodeBERT, to highlight their contributions

and limitations in software development contexts. Hou et al. identify several prominent

applications of LLMs in software engineering, such as code synthesis, where models au-

tomatically generate code snippets based on user input, and automated testing, where

LLMs assist in creating test cases. They also discuss LLMs’ role in software maintenance

and documentation, which allows developers to streamline repetitive tasks and focus on

more complex problem-solving. Despite these advantages, the review notes substantial

challenges, such as LLMs’ occasional generation of syntactically correct but semantically

flawed code and the risk of amplifying existing biases in training data. The review also

emphasizes the importance of tailored evaluation metrics for LLMs in software engineer-

ing. Hou et al. argue that traditional NLP metrics may not fully capture the effectiveness

of LLMs in code-related tasks, advocating for domain-specific metrics that evaluate the

functional correctness and efficiency of generated code. They further highlight the need

for robust error-handling mechanisms within LLM frameworks to reduce the propagation

of coding errors.

Xu et al. [46] introduce DomBERT, a domain-oriented language model specifically

adapted for Aspect-Based Sentiment Analysis (ABSA), has an indirect relationship with

Software Engineering. In Software Engineering, sentiment analysis can be used to under-

stand users’ opinions approachesnd feedback about software products, identify common

problems, and improve the quality of software based on user reviews. DomBERT can

be applied to analyze software reviews and ratings, extracting specific aspects (such as

“interface”, “performance”, “support”) and classifying the feelings associated with these

aspects (positive, negative, neutral). This can help software engineers prioritize improve-

ments and fixes based on user feedback. The model leverages a pre-training approach

fine-tuned on domain-specific data, enhancing its ability to discern sentiment associated

with particular aspects of a product or service. A key contribution of DomBERT is its

focused architecture, which integrates both linguistic and domain-specific knowledge to

improve sentiment analysis accuracy at the aspect level. Traditional sentiment analysis

models often struggle with this level of granularity, but DomBERT’s domain-oriented
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training enables it to capture the subtleties of sentiment tied to specific entities or fea-

tures, like product quality or customer service, which are essential for applications in

targeted feedback analysis.

Zhang et al. [47] explore the potential of pre-trained transformer models for sen-

timent analysis in the domain of software engineering, examining the extent to which

these models can accurately interpret and classify sentiments in developer discussions,

issue tracking, and code reviews. Recognizing that sentiment in software engineering is

often expressed through technical language, nuanced feedback, and context-specific jar-

gon, the authors investigate whether pre-trained models like BERT and its variants can

be effectively adapted to this specialized field. A primary finding of Zhang et al. is that

general-purpose transformer models can achieve moderate success in software engineer-

ing sentiment analysis when fine-tuned on domain-specific data. However, the study re-

veals challenges in accurately identifying sentiments due to domain-specific language and

the prevalence of objective, technical statements. Traditional sentiment analysis models,

which perform well in general domains, often struggle to interpret the more neutral or

mixed sentiments that are typical in software engineering contexts. For example, a critical

comment in a bug report may not convey negative sentiment but rather technical insight,

which general models may misinterpret. Through experiments, Zhang et al. demonstrate

that while transformer models are adaptable, domain-specific enhancements are necessary

to capture the subtleties of sentiment in software engineering. They suggest that future

research should consider training transformer models with software engineering-specific

sentiment annotations to improve accuracy.

As large language models such as GPT continue to be applied across various NLP

tasks, their potential in automatic translation using machine translation (MT) models

has become a focal point of research. Hendy et al. [16] present a comprehensive evalua-

tion of GPT models in MT, comparing their performance to traditional and neural MT

models across diverse language pairs. The study assesses the effectiveness of GPT mod-

els, particularly in handling low-resource languages and maintaining linguistic nuances

during translation—a challenging area where traditional models often fall short. Hendy

et al. highlight the strengths and weaknesses of GPT models in MT. They observe that,

while GPT models perform well on high-resource languages with ample training data,

they encounter difficulties with languages that have limited digital resources.

The development of pre-trained models has significantly advanced programming

and natural language processing tasks, with CodeBERT by Feng et al. [10] representing a

critical leap forward. CodeBERT is a transformer-based model that bridges natural lan-

guage (NL) and programming language (PL) tasks by leveraging vast datasets of paired

code and textual descriptions. Feng et al. employ a pre-training strategy that includes

masked language modeling and replaced token detection, training the model to learn the

syntax and semantics of programming languages alongside natural language comprehen-



2.8. Other Applications of LLMs in Software Engineering 38

sion. One of CodeBERT’s key contributions lies in its dual ability to handle natural

and programming languages simultaneously, making it valuable for code-related tasks

such as code search, summarization, and generation. This is achieved through bimodal

pre-training, which allows CodeBERT to align and understand the contextual relationship

between code snippets and their NL explanations. By integrating large-scale data for both

modalities, the model improves upon previous language models in handling code-based

tasks but also demonstrates high adaptability across varied code languages, including

Python, Java, and JavaScript. Evaluations on subsequent tasks reveal CodeBERT’s effi-

cacy, particularly in code retrieval and natural language inference (NLI) tasks, where it

consistently outperforms previous models. This success illustrates the potential for pre-

trained models like CodeBERT to serve as foundational tools in tasks that require the

integration of natural language understanding and programming language processing.

The research conducted by White et al. [44] delves into software engineering tech-

niques through the development of a set of 13 prompt patterns designed to solve various

software engineering problems. These patterns are categorized into four distinct groups

to assist users in efficiently navigating and applying these patterns throughout the stages

from system design to implementation and maintenance. The four categories are: Re-

quirement Elicitation, System Design and Simulation, Code Quality, and Refactoring.

The focus of the study is on formulating prompt patterns that enhance code quality,

refactoring, requirement elicitation, and software design. The research targets automat-

ing software engineering tasks, such as code refactoring, Domain-Specific Language (DSL)

creation, API generation, and simulation of API interactions, with an emphasis on ensur-

ing that the resulting code is independent of external libraries. It proposes the creation

of strategically formulated prompts that guide the production of generic code free from

specific dependencies. Supported by Large Language Models (LLMs) like ChatGPT, this

methodology enables the development of API specifications from a list of requirements.

The paper makes two main contributions to the field of LLMs usage in software engineer-

ing: (1) The first contribution is providing a catalog of patterns for software engineering,

organized according to the type of problem they address. These patterns guide LLMs

in performing software engineering tasks, such as automatically generating high-quality

code, refactoring, and other activities. (2) The second contribution involves a discussion

on several tested prompt patterns that facilitated improvements in requirement identifica-

tion, rapid prototyping, code quality, refactoring, and system design. Thus, this research

covers various stages of software development, from initial planning to code implementa-

tion, offering implementation examples and motivations for each pattern.



2.9. Final Comments 39

2.9 Final Comments

We conducted a comprehensive review of various studies related to the use of

large language models (LLMs) in software engineering, with a particular focus on their

application in software construction. Despite the recent advancements in LLMs, there

are currently no comprehensive tools available for the complete generation of applications

using these technologies. This absence raises an important question: is there a genuine

need for such tools in the first place? Our approach is to first assess the practical necessity

of these application-generating tools to understand the gap they might fill within the

realm of software development. Based on this potential necessity, we propose our own

tool, aiming to meet predefined requirements and contribute effectively to the field of

software engineering.
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Chapter 3

Exploratory Study

3.1 Introduction

In this chapter, we present an exploratory study involving three developers with

different levels of proficiency (Subsection 3.2.2), to investigate the limitations and ben-

efits of using ChatGPT-4 through its standard user interface. The study involves an

experiment where three participants were instructed to build a web application (Subsec-

tion 3.2.3) using only ChatGPT’s interface (Subsection 3.2.4), and information from a

reference implementation (Subsection 3.2.1), which was built to establish the minimum

requirements expected in the systems built by the participants. We detail a set of user

stories and technologies that participants were required to use in building systems, includ-

ing the programming language (TypeScript), front-end framework (Vue.js), and database

(SQLite).

Our exploratory study aimed to understand how ChatGPT can benefit the work

of developers, identify its limitations and potential improvements, and determine the

situations in which its use was impaired. Throughout the study, we examined participants’

interactions with ChatGPT (Subsection 3.2.5) and assessed its effectiveness by collecting

feedback from developers on their use of LLMs (Section 3.3).

3.2 Methodology

The methodology of this exploratory study involved evaluating ChatGPT as a

developer, using only its standard interface and without utilizing the advanced resources

provided by the OpenAI API. Based on both the knowledge and prior experience of one of

the participants and the pre-established requirements for the software project, a reference

web system was developed manually, which served as a baseline for the tests conducted
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with ChatGPT.

3.2.1 Reference Implementation

To have a reference implementation for assessing the use of ChatGPT version 4, we

built a basic web-based Q&A forum named appForum, which was developed from scratch

for the purpose of evaluating the capabilities of ChatGPT version 4. The rationale was to

avoid evaluating an application that was possibly used by OpenAI in the training phases

of ChatGPT. We use this app as a ground-truth implementation to assess and evaluate

the code produced by ChatGPT. Essentially, appForum implements six user stories:

US1: As a user, I would like to register on the forum.

US2: As a user, I would like to login on the forum.

US3: As a user, I would like to create a question.

US4: As a user, I would like to delete a question.

US5: As a user, I would like to answer a question.

US6: As a user, I would like to delete an answer.

In the back-end, we defined the implementation should use TypeScript (program-

ming language), Node.js with ExpressJS (server runtime), and SQLite (relational database).

In the front-end, Vue.js and ViteJS (web frameworks) and TypeScript should be used.

These technologies are widely used and well-regarded in the software development com-

munity, and they offer several advantages that make them an attractive choice for building

modern web applications.

In total, the back-end implemented by the first author has 565 lines of code, three

classes, and 5 files. The relational database has three tables (tb user, tb answer, and

tb question). The front-end has 820 lines of code, 11 files, six Vue.js components, and

four pages.

Figure 3.1 shows a screenshot of the main page of our reference system.

Figure 3.2 shows a diagram with the three classes of the system (User, Question,

and Answer) and the relationship between them.

All participants were instructed to use only the user interface from ChatGPT and

to construct the application using only code generated by ChatGPT. Consequently, they

were not allowed to manually create any code for any problems encountered during the

construction of the application.
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Figure 3.1: Screenshot of the main screen (reference implementation).

Figure 3.2: Diagram (back-end, reference implementation).

3.2.2 Participants

Three developers participated in our study, accessing our reference system, and

after browsing the system, used ChatGPT to reimplement the reference web system.

The three participants in our study have differents degrees of proficiency, and the

information pertaining to each participant are as follows:

Participant P1: This participant has 23 years of experience in software development.

Besides being an experienced developer, he is also responsible for the reference implemen-

tation described in the subsection 3.2.1. Therefore, P1 represents the “best developer”

for evaluating ChatGPT, i.e., we asked an experienced developer to use ChatGPT to

generate code for an application he has previously implemented. Thus, this case—P1

having implemented the application twice, first manually and then with the support of

ChatGPT—is something we deliberately chose to evaluate in the study.

Participants P2 and P3: P2 is a master student in Computer Science. He also has

two years of experience in software development, and P3 is an 4th year undergraduate CS

student without previous professional software development experience.
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3.2.3 Inception Meeting

In the inception meeting, the participant P1 presented the features, user stories,

and screenshots of our reference implementation, the appForum, to both P2 and P3. The

participants were instructed to use only the user interface of ChatGPT and to rely on

ChatGPT to produce code that results in an application that is as close as possible to our

reference implementation and that uses the same technologies. In other words, P2 and

P3 were instructed to rely only on ChatGPT to implement an identical app, even though

participants P2 and P3 did not have access to the code of the reference implementation.

Therefore, we attempted to recruit a diverse set of participants in terms of their

software development experience and knowledge of the application to be developed with

the support of ChatGPT. It is also worthnoting that the three participants had limited

experience with ChatGPT, which is expected since it is a novel technology. Particularly,

they have never used ChatGPT to produce a complete software application.

3.2.4 Tools Used by the Participants

Participants used only a simple text editor to copy the code generated by the

OpenAI tool. Interaction was exclusively through prompts, without changing parameters

such as temperature1, maximum token limit, or other ChatGPT settings. Essentially, we

tried to reproduce the same experience that non-experts have with language models when

using the standard ChatGPT interface.

3.2.5 Review Meeting

After using ChatGPT separately to implement our reference system, the three

participants had a series of meetings to discuss and assess the results achieved using the

AI tool. In these meetings, they presented the prompts used to interact with ChatGPT

1In the context of LLMs, the temperature is a parameter that controls the level of randomness in the
model’s responses. Higher values (e.g., 1.0 or above) result in more diverse and creative outputs, while
lower values (closer to 0) make the responses more deterministic and conservative. This happens because
temperature affects the probability distribution of the next words chosen by the model, adjusting the
entropy of text generation.
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as well as executed and discussed the code generated by the tool. During these meetings,

they also come up with the following classification for the prompts used in the study:

• Initial Prompts: prompts that describe key functional and non-functional require-

ments, as well as prompts for configuring the project and installing the necessary

frameworks.

• Feature Prompts: prompts requesting the implementation of the features of the

project, including prompts that request behaviors that were not supported by the

generated code.

• Bug-fixing Prompts: prompts to fix bugs or incorrect behaviors in the generated

code.

• Layout Prompts: prompts to style front-end elements such as buttons, tables, and

text boxes.

• Other Prompts: prompts that do not fit into the previous categories, such as re-

questing adjustments of configurations in the developing environment.

3.3 Experiment Results

In this section, we describe the apps constructed by each participant. First, the

prompts they used are summarized in Table 3.1.

Category P1 P2 P3

Initial 2 1 3

Features 26 17 13

Bug Fixing 28 24 24

Layout 7 9 0

Other 2 2 6

Total 65 53 46

Table 3.1: Prompts used by each participant.

Participant #1: This first participant started describing the user stories and technolo-

gies adopted in the app, using the prompt:

Despite listing the user stories in the initial prompt, P1 had to use 26 other prompts

to request refinements in the code generated by ChatGPT, such as in the following prompt:
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Prompt #1.1 : I need to build a Web application in TypeScript with the following
programming technologies: vue@latest, Express version 4, and SQLlite3 database. The
back-end should follow a stateful architecture (e.g., user ids should be stored in sessions).
The front-end should use the Bootstrap library. The app is a simple question and answer
forum, which should implement the following user stories:
* As a user, I would like to register on the forum.
* As a user, I would like to login on the forum.
* As a user, I would like to create a question.
* As a user, I would like to delete a question.
* As a user, I would like to answer a question.
* As a user, I would like to delete an answer.

Prompt #1.2 : Please, create a new page such that the user can view the answers
for a selected question. In the main page, add a “View Answers” button that will then
present this new page.

As another example, P1 had to elaborate prompts explicitly requesting the record

of new answers to a particular question. He also used other prompts to implement missing

user stories and to include missing information, e.g., the name of the user who answered

each question.

Prompt #1.3 : In the Answers Preview Screen, we should be able to register an answer
to a question.

Moreover, P1 used 28 prompts to fix bugs in the code produced by ChatGPT, such

as:

Prompt #1.4 : There is an error in the browser console: Uncaught SyntaxError:
ambiguous indirect export: ‘setAuthenticated’. Could you fix it?

Finally, P1 used seven layout prompts. For example, in the code initially produced

by ChatGPT the data about questions (ID, title, etc) was presented in the page as items

of a list and not as rows of a table, as planned by the participant. Thus, P1 used the

following prompt to request the correct layout:

Prompt #1.5 : I would like the ‘client/src/views/Questions.Vue’ file responsible for
registering questions to list the questions in a table with the question ID, the question
title and the commands to view the answers to the question and delete the question.

Figure 3.3 shows a screenshot of the app implemented by P1 using ChatGPT. The

page presented in this figure is used to post answers.



3.3. Experiment Results 46

Figure 3.3: Screenshot of the answers screen (Participant P1).

Participant #2: In this case, only one initial prompt was needed, as follows:

Prompt #2.1 : I would like to create an user authentication form web page, with the
fields “e-mail” and “password”, with two green buttons: “sign up”, which will redirect the
users to a new form page where he can sign up, and “sign in”, which will authenticate
existing users and redirect them to a home page, returning an error when the user is
not registered. I want to use the following technologies for this: Vue.js, Express.js,
TypeScript and Sqlite. Could you help me with that, from installing these technologies
to build those pages.

As the reader may notice, P2 started by requesting the implementation of an

specific feature (authentication), by providing a high level text describing the main fields

and buttons, complemented with a request for basic error handling when the user does

not exist, and then explicitly listing the desired technologies for the project. In the end,

he asked ChatGPT to help in the whole process, from installing the required technologies

to build the specified page.

As a response to this initial prompt, ChatGPT recommended to divide the problem

in smaller steps and provided guidelines to each one (e.g., separating code by domain and

indicating where newer code from an existing domain should be added). After everything

was configured, ChatGPT suggested the code for the sign up/sign in feature.

However, P2 figured out that ChatGPT’s answer was not fully correct and func-

tional, which required him to write another 17 prompts to fix bugs in the generated code.

As examples of such bugs, we can mention libraries that were actually not installed or

not imported where needed, the back-end code was not correctly integrated with the

front-end, and there were missing parameters on the project’s configuration files.

For the remaining features, P2 changed his strategy and asked ChatGPT to first

generate the front-end code with mocked objects. This first version of the front-end was
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then carefully tested. After that, it was integrated with the back-end code. For this last

step, P2 decided to use prompts that include both the front-end and the current back-end

code. Such prompts requested ChatGPT to extend the back-end with logic to handle

the new features that were previously implemented and tested in the front-end. As an

example of this new strategy, we have the following prompt, where P2 requests ChatGPT

to generate code in the back-end (file app.ts) to persist an answer available in a form in

the front-end (file PostDetails.vue).

Prompt #2.2 : Now, I want to get the post’s answers available in PostDetails.vue
and, when submitting the form with the answer, I want it to be saved in the database.
My code from PostDetails.vue looks like that: [Source code from PostDetails.vue file] and
my app.ts looks like that: [Source code from app.ts file]
How can I do that?

Regarding the style prompts, P2 was able to obtain the desired style by describing

how the elements should look like, for example by informing the hexadecimal code of

particular elements’ colors or the shape of buttons (e.g., a button with a stadium-shaped

border). He also experienced naming the colors and asking for darker or clearer tones of

existing ones, which ChatGPT understood as well.

Figure 3.4 shows a screenshot of the page to visualize questions and to provide

answers, as implemented by P2 using ChatGPT.

Figure 3.4: Screenshot of the question list page (Participant P2).

Participant #3: This participant started with the following prompt that describes the

technologies and basic features of the application and asks ChatGPT to build the code:

Prompt #3.1 : Please, build a forum app with the following technologies: Vue.js,
Express.js, TypeScript, and Sqlite. The app should have a login screen and an option
to register a user if he/she haven’t already. After logging in, the user should have the
option to create a Question and to see the questions that have been created before. By
clicking on the “Answer” button, a new screen will appear and the user will be able to
provide an answer, save it, and then return to the main screen.

The answer of this first prompt included a good portion of the project files and

also instructions to install the required technologies. However, two more prompts were

necessary to obtain details about such instructions, including the following prompt:
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Prompt #3.2 : In topic 5 (“Set up the front-end”), how do I create views for each
route?

Prompt #3.3 : Please implement code to make API calls to the back-end server for
user registration, fetching questions, and saving new questions.

After these initial prompts, P3 asked ChatGPT to implement other features by

using 13 prompts, such as:

However, the code generated by ChatGPT missed some important files, such as

index.js (in the backend). Indeed, ChatGPT informed that it was necessary to implement

this file, but it does not provided the code, even after an explicit request. As a result,

several bugs persisted in the generated code. Moreover, important user stories such as user

registration and login were not properly implemented. The front-end for such features

was created but it was not able to call the correspondent code in the back-end. ChatGPT

correctly attributed this problem to an error in the connection between the front-end

and back-end. However, when P3 attempted to fix the bug, ChatGPT entered in a

loop, continuously suggesting previous (and also incorrect) versions of the code. After 18

attempts, P3 concluded that it was not possible to advance and he decided to quit with

the project not finished.

3.4 Lesson Learned

The main lesson learned from this study is the importance of the developer’s pro-

ficiency in the technologies and frameworks used by the target system. For instance, the

first two participants—who successfully completed the proposed application—were well-

versed in web development and its associated technologies and frameworks. As a result,

they were able to leverage their experience to formulate prompts that guided ChatGPT

in fixing the bugs in the code generated by the tool.

Lesson Learned #1 : When using the standard interface provided by ChatGPT to

support the end-to-end construction of web apps, experience in software development

practices, architectures, and technologies is crucial. This expertise is especially impor-

tant when formulating bug-fixing prompts. In other words, it is unrealistic to expect

non-developers to write these prompts and create a functional web app using ChatGPT.
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3.5 Threats to Validity

There are two main threats to the validity of the results reported in this exploratory

study. First, our reference application (a question and answer forum) may not represent

the universe of systems that are built from scratch by software developers. However, we

chose a well-known application that follows a common architecture and that uses popular

technologies. Second, the code of the reference application was generated by ChatGPT

with prompts formulated by three developers. Therefore, these participants may not

represent the universe of developers who intend to use ChatGPT to support end-to-end

software construction. However, we selected developers with diverse profiles and levels of

experience in software development.

3.6 Analysis Using Source Code Metrics

In this section, we describe an analysis of the code generated by ChatGPT. For

this purpose, we use metrics to analyze the size and complexity of this code. We will use

three versions of the code: the oracle (manually generated without ChatGPT support)

and the versions generated from the prompts proposed by participants P1 and P2 (both

with code generated entirely by ChatGPT). We will not analyze the version by participant

P3 because it was not successfully completed.

To conduct this analysis, we decided to use three size metrics (number of files,

number of functions, and number of lines of source code) and one complexity metric

(Cyclomatic Complexity). These are well-known metrics, and we found them sufficient to

uncover many aspects and characteristics of the generated code. Therefore, we opted not

to consider other metrics, such as those related to cohesion and coupling, for example.

3.6.1 Number of Files

Table 3.2 shows the results for number of files. Analyzing the results, we can

observe that there are no significant differences between the three versions of the code.

They have, respectively, 16 files (oracle and P1) and 14 files (P2). However, if we analyze
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by architecture component, we begin to notice an important difference in the number of

files, especially in the back-end. This number is equal to five files in the oracle, seven files

for the version generated by P1, and only two files in the version generated by P2. We

further analyze these differences in more detail.

Table 3.2: Number of files.

Oracle P1 P2

Front-End 11 9 12

Back-End 5 7 2

Total 16 16 14

In the oracle, the back-end code, as recommended by good software architecture

practices, was divided into five files responsible for: (1) application initialization and

database connection (main.ts); (2) instance control and database manipulation (database.ts);

(3) ExpressJS framework configuration (app-web.ts); (4) publishing and implementing the

endpoints of the back-end services (end-point.ts); and (5) implementation of the business

rules responsible for the inclusion and exclusion of the key entities of the system (entity.ts).

Specifically, three entities were created: User, Question, and Answer.

In version P1, the code generated by ChatGPT was organized into seven files

responsible for: (1) initializing the database connection (db.ts); (2) initializing the en-

tire application (index.ts); (3) user authentication (middlewares/authenticate.ts); (4) the

user registration endpoint (routes/auth.ts); (5) the endpoint to handle forum questions

(routes/questions.ts); (6) the endpoint to handle forum answers (routes/answers.ts); and

(7) an interface that assists in authentication (types/RequestWithUser.ts).

In version P2 , ChatGPT implemented all these requirements in only two files: (1)

Implementation of all endpoints, as well as business rules and configuration of ExpressJS

and database connection (app.ts); and (2) File with an interface with user attributes

(types.ts).

The following three diagrams help to gain a better understanding of the oracle

architecture (Figure 3.5), as well as the code generated by ChatGPT in versions P1 (Fig-

ure 3.6) and P2 (Figure 3.7). Comparing the oracle architecture with the one of P1, we

can notice that ChatGPT did not partition the app into files responsible for endpoints,

business logic, and database access. Instead, the partitioning was by functionality, i.e.,

user (routes/auth.ts), question (routes/questions.ts), and answer management (routes/an-

swers.ts). Each of these files monolithically contains the code for endpoints, business logic,

and database access. Thus, this is a different architectural organization from that adopted

in the oracle and also from the usual architecture adopted in web applications.

Comparing the oracle architecture with the one of P2, we can see that the P2

essentially is a monolithic application that implements all requirements (endpoints, busi-
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Figure 3.5: Architecture of the oracle version (with a clear separation between web end-
points, business rules, and database persistence).

Figure 3.6: Architecture of the P1 version, which follows a functional decomposition, i.e,
we have modules responsible for each feature, which implement both non-functional (e.g.,
web end-points) and functional concerns.

Figure 3.7: Architecture of the P2 version. This is a monolithic architecture where
everything is implemented in a single file.

ness logic, and database access) in a single file (app.ts). Especially in the case of a large

system, this solution is not recommended and can increase system maintenance costs.

Lesson Learned #2 : When using ChatGPT for end-to-end generation of applications,

it is important to define or at least check the software architecture of the generated

code. Failing to do so may result in the generation of a monolithic architecture, where

all requirements, both functional and non-functional, are implemented in a single file.

This occurred, for instance, with the code generated by the second participant of our

study.
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3.6.2 Number of Functions

Table 3.3 shows the number of functions in the three versions of the code we an-

alyzed. We can observe that the oracle has a significantly higher number of functions

(64 functions) compared to versions P1 and P2 (30 and 35 functions, respectively). This

difference can be attributed to the distinct architectural approaches adopted in these ver-

sions, as discussed in the previous section. For instance, in the oracle, separate functions

are dedicated to configuring endpoints, implementing business rules, and persisting data

in the database. In contrast, in versions P1 and P2, these responsibilities are implemented

monolithically within a single function.

Table 3.3: Number of functions.

Oracle P1 P2

Front-End 19 18 13

Back-End 45 12 22

Total 64 30 35

3.6.3 Lines of Code

Table 3.4 shows the results for lines of code (LOC). Interestingly, P1 and P2 have

34% and 27% fewer lines of code, respectively, when compared to the oracle. To explain

this difference, we conducted a more in-depth analysis, divided between back-end and

front-end.

Table 3.4: Number of lines of code.

Oracle P1 P2

Front-End 820 581 852

Back-End 565 326 154

Total 1,385 907 1,006

In the back-end, both P1 (326 lines) and P2 (154 lines) exhibit fewer lines of code

than the oracle (565 lines). This reduction is expected, particularly in the context of

the P2 project. As discussed earlier, all the code in P2 was essentially implemented in
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a single file, leading to a decrease in the overall number of lines of code. However, this

approach yields a less scalable architecture and poses challenges for maintenance, as we

have previously discussed.

On the front-end, however, the results are not aligned. That is, P1 (581 lines) has

fewer lines of code than the oracle (820 lines), while P2 (852 lines) has more lines of code.

This difference is related to the fact that P1 generally worked without focusing on screen

details and only focusing on ensuring that the user stories were functionally implemented,

even if visually the application differed from the oracle. On the other hand, P2 used an

approach that first aimed to replicate the front-end layout as faithfully as possible. To

illustrate, we show three screenshots of the page with user information. We can observe

that P2 (Figure 3.10) implemented a separate page to display this information, as in the

oracle (Figure 3.8). On the other hand, P1 (Figure 3.9) chose to show this information

on the questions and answers page. Thus, a new page was not needed for this purpose.

Figure 3.8: User information page (Oracle).

Figure 3.9: Answers page, with information about the user in the top (Participant P1).

Figure 3.10: User information page (Participant P2).
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Lesson Learned #3 : When using ChatGPT for end-to-end application generation, it

is important to specify, in details, the desired pages and components of the application, as

demonstrated by P2. Otherwise, the interface layout may end up being overly simplistic

and distant from an elaborated and professional version.

3.6.4 Cyclomatic Complexity

We will also segment this analysis into back-end and front-end components. First,

Figure 3.11 show histograms with the Cyclomatic Complexity (CC) values of the back-

end functions in the analysed projects. These values were computed using the JSHint

tool.2 As we can see, most back-end functions have a low cyclomatic complexity: in the

oracle, 88% of the functions have complexity less or equal two; in versions P1 and P2,

this percentage is 66% and 90%, respectively.
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Figure 3.11: Histogram with Cyclomatic Complexity values (back-end).

In the three versions (oracle, P1, and P2), the back-end function with the highest

CC is responsible for user authentication. Listing 3.1 shows the implementation of this

function in version P1, with a CC value of 5. In this code, there is an if statement

that checks two different variables, as well as include a conditional assignment (lines 7-

9). Thus, we can generally conclude that this function does not have a complex logic,

2https://jshint.com

https://jshint.com
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especially if we assume that this is the most intricate function among the analyzed back-

end implementations.

1 router.post(’/login ’, async (req , res) => {

2 try {

3 const db = await dbPromise;

4 const {email , password} = req.body;

5 const user = await db.get(’SELECT * FROM users WHERE email = ?’, [email ]);

6 if (user && (await bcrypt.compare(password , user.password))) {

7 const secretKey = process.env.JWT_SECRET || ’t2bO36uAY6A19yoRyvnOd6yH ’;

8 const token = jwt.sign({id: user.id}, secretKey , {

9 expiresIn: ’1h’, // Set the expiration time for the token , for example ,

1 hour

10 });

11 res.status (200).json({ message: ’Logged in successfully ’, user , token });

12 }

13 else {

14 res.status (401).json({error ’Invalid email or password ’});

15 }

16 }

17 catch (err) {

18 console.error(err);

19 res.status (500).json({error: ’Failed to log in’});

20 }

21 });

Listing 3.1: Authentication function in the version of P1

Regarding the front-end, the functions are usually less complex than the back-end

ones, as can be checked in the histogram presented in Figure 3.12. In the oracle, 89% of

the front-end functions have CC ≤ 2; in versions P1 and P2, this percentage is 94% and

100%, respectively. The maximum CC is equal to 3, and it is observed in the oracle (in

three functions) and in P1 (in five functions).

Lesson Learned #4 : Overall, the functions generated by ChatGPT exhibit low cy-

clomatic complexity. In our dataset, considering all functions from P1 and P2 (back-end

and front-end), 89% have a CC ≤ 2. This implies that comprehending and maintaining

the generated code is not likely to be challenging.

3.7 Static Analysis Tools Evaluation

In this section, we describe the analysis of the code generated by ChatGPT using

static analysis tools. To this end, we used two widely recognized and consolidated tools:
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Figure 3.12: Histogram with Cyclomatic Complexity measures (front-end).

ESLint3 (an open-source tool with 24K stars on GitHub) and SonarQube4 (a commercial

tool used by more than 400K worldwide organizations, according to the tool’s site). Our

analysis will be carried out on the oracle, P1, and P2 versions. For the same reason as

explained in Section 3.6, we will not analyze the version generated by participant P3.

In fact, the execution of both tools in the oracle did not report any issues. Thus,

we only report results for P1 and P2 in the following tables.

3.7.1 ESLint Results

Table 3.5 shows the issues encountered by the ESLint tool (executed using its

default configuration for both back-end and front-end components). In P1, the tool

reported five issues. Four were classified as @vue/multi-word-component-names,

and one as @typescript-eslint/no-unused-vars. In P2, ESLint reported six issues:

three were classified as @typescript-eslint/no-explicit-any, and the other three as

@typescript-eslint/no-unused-vars.

According to the ESLint documentation,@vue/multi-word-component-names

refers to components whose names are not composed of several words, which is useful to

avoid conflicts with existing or future HTML elements. Such elements always have a sin-

gle word. For example, a component with the name todo, instead of todo-item. While

3https://eslint.org
4https://www.sonarsource.com/products/sonarqube

https://eslint.org
https://www.sonarsource.com/products/sonarqube
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Table 3.5: Issues by ESLint.

Issues P1 P2 Total

@vue/multi-word-component-names 4 0 4

@typescript-eslint/no-unused-vars 1 3 4

@typescript-eslint/no-explicit-any 0 3 3

Total 5 6 11

todo is not a currently an HTML tag, it is prudent to refrain from using it to prevent

potential conflicts in case future versions of HTML decide to introduce todo as a new

tag.

The @typescript-eslint/no-unused-vars issues refers to variables or imports

that are not being used. Finally, the @typescript-eslint/no-explicit-any issues

refers to variables without a defined type. An example of this issue can be seen in Listing

3.2 where the array rows accepts any type of elements (line 2).

1 app.get(’/api/posts ’, (req , res) => {

2 db.all(’SELECT * FROM posts ’, (err: Error , rows: Array <any >) => {

3 if (err) {

4 res.status (500).send({ error: ’An error occurred while fetching posts.’ });

5 } else {

6 res.send(rows);

7 }

8 });

9 });

Listing 3.2: Example of @typescript-eslint/no-explicit-any in P2

3.7.2 SonarQube Results

We executed SonarQube in both P1 and P2 (back-end and front-end). In both

projects, the tool reported issues in two categories only (bugs and code smells). Table 3.6

shows the bugs found by the SonarQube tool. One bug was found in P1, and two bugs

were identified in P2. In the case of P1, the only identified problem is related to the lack

of a description for a table to assist visually impaired users. Of the two bugs found in

P2’s code, one is also related to the absence of a table description. The other is associated

with the use of a font style outside the system standard.

Table 3.7 shows the code smells found by SonarQube. As can be seen, the tool

identified three code smells in P2. They refer to the unnecessary use of imports (2 cases)

and comments (1 case).
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Table 3.6: Bugs by SonarQube.

Bugs P1 P2 Total

Add a description to this table 1 1 2

Unexpected missing generic font
family

0 1 1

Total 1 2 3

Table 3.7: Code Smells by SonarQube.

Code Smells P1 P2 Total

Remove this unused import of “· · · ” 0 2 2

Remove this commented out code 0 1 1

Total 0 3 3

Lesson Learned #5 : The code generated by ChatGPT has good quality, as indicated

by an analysis conducted using two widely used static analysis tools (ESLint and Sonar-

Qube). Overall, both tools identified few bugs, issues, and code smells. Additionally,

the ones that were identified are not severe or difficult to fix.

3.8 Final Remarks

In this chapter, we presented the results of an exploratory study where we eval-

uated ChatGPT, using only its standard User Interface without any advanced features

or temperature settings. The experiment revealed that a developer’s proficiency level

directly influences their ability to build web software and affects the quality of ChatGPT-

generated code. Our study demonstrates that using ChatGPT solely through its interface

is not beneficial for novice developers, as the generated code does not take into account

the developer’s environment and assumes they have the general knowledge required to

correctly integrate the code into the project’s files and directories. The findings empha-

size the importance of tailoring AI tools to match the skill levels and specific needs of

developers to enhance their software development tasks effectively.

The data related to the exploratory study is at the link: https://github.com/

mauricioms/Results-Generated-with-ChatGPT

https://github.com/mauricioms/Results-Generated-with-ChatGPT
https://github.com/mauricioms/Results-Generated-with-ChatGPT
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Chapter 4

NoCodeGPT Tool

4.1 Introduction

This chapter discusses the development of the NoCodeGPT tool as a supportive

tool for building Web apps with Language Models, in response to the difficulties en-

countered by novice developers in our exploratory study. The development of this tool,

looked to reduce the primary challenges and increase individual productivity by providing

straightforward resources for software construction. It combines the principles of NoCode

tools with Large Language Models (LLMs) to simplify the development process, thereby

reducing the challenges faced by novice developers. The NoCodeGPT Tool is designed

to aid developers, especially those with limited experience, by integrating technological

knowledge and standardizations that streamline the software construction process.

In this chapter, we will discuss the main functionalities (Subsection 4.3), as well

as the architecture implemented to build the tool (Subsection 4.4).

4.2 Features and Architecture

Based on the lessons learned from our exploratory study, we decided to implement

a new interface for GPT, with specific features for building small web apps using only

prompts (i.e., without writing any code). This interface, called NoCodeGPT, can act

as a replacement for the traditional interface (ChatGPT). The idea is to enable not only

developers (like participants P1 and P2 from the exploratory study) to use language mod-

els for generating web applications. Instead, we intend that users with limited software

development experience (like participant P3) could also be able to generate small web

applications without having to write a single line of code.

In this section, we first describe the key features of NoCodeGPT (Section 4.3).
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These features emerged from our experience and observation in the Exploratory Study

(Chapter 3). Next, we also present the architecture and implementation of NoCodeGPT

(Section 4.4).

4.3 Main Features

The main functionalities of the tool are as follows:

Initial Prompts: The tool defines internally the initial prompts for building web systems,

meaning the prompts that specify the system’s technology, architecture, main directories,

among other decisions. This way, the user does not need to create or provide these

prompts. Additionally, NoCodeGPT requests that the user provide a prompt describing

the core functionality of the system under construction (see Figure 4.1). This prompt is

important for establishing the contextual framework to be considered by the GPT model

when generating the system.

Figure 4.1: Page to enter the name and main context of the system under development.

Pre-defined features: Some features are very common in web system. Therefore, we

decided to provide built-in and pre-tested prompts to automatically generate and include

such features in the systems generated by NoCodeGPT. Currently, the tool supports two

pre-defined features: a login and a user registration page.

Creation and Refinement of Pages: Since NoCodeGPT is exclusively designed to

build web systems, it assumes that these systems consist of a set of pages. For each

page, the user must provide a name and a brief description of the desired functionalities.

For example, in the case of a Q&A forum, the user might create a page called Question

Submission with the following description: “I would like to be able to submit questions on

this page. For each question, I would like the system to store the following information:”
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However, as we clearly learned in the Exploratory Study, it is unlikely that the GPT

model will generate the ideal page the user envisions in the first iteration. Consequently,

NoCodeGPT includes a refinement feature where the user can request improvements to a

specific page. These prompts can be of three types: new features (such as, the page should

have a button to delete a question); bug fixes (such as, the delete question button is not

working), and layout adjustments (such as, the delete question button should be positioned

right after the question’s title). Figure 4.2 shows an example of this functionality for the

Q&A Forum. In this figure, the user is refining the Question Submission page.

Figure 4.2: Prompts for refining generated pages.

Since refinements are restricted to one page, the tool’s implementations is able to

add context to the prompts provided by users. For example, our implementation auto-

matically adds the source code files that need to be refined by the GPT model in such

prompts. This functionality is essential to allow the tool to be used by inexperienced

users, as they usually cannot correctly identify the source code files in which they intend

to make a change. Moreover, it increases the effectiveness of language models by provid-

ing them with the precise code they need to work on.

Web Page Transitions: Another interesting aspect is a feature provided by NoCodeGPT

to connect two pages. For instance, in our forum, the user must independently create the

Question Submission and Answer Submission pages. However, afterward, they must

return to the Question Submission page and request the creation of a button on each

question that shows the page with its answers. An example is shown below:

Prompt: Add a button to view the registered answers on the Answers page.

After various tests, we concluded that this alternative using simple prompts is the

best solution for connecting pages. That is, the user should first create and test the pages
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individually. Then, they should request the connections between the pages, whenever

necessary. To do this, they should simply use a prompt asking that when a certain com-

ponent is clicked another page should be displayed.

Version Management: NoCodeGPT also implements a simplified version control sys-

tem for the code generated with the assistance of GPT. This allows users to easily restore

a previous version if GPT starts generating invalid code that does not comply with the

system specifications. For example, suppose the user formulates prompts requesting the

implementation of features F1, F2, . . . , Fn, with each submission generating a respective

version Vi of the system. However, in a particular version Vj, the language model might

start hallucinating and generate invalid code. In such cases, the user can revert to version

Vj−1 using a single button provided in NoCodeGPT’s interface.

This feature was specifically designed to address a difficulty encountered by Par-

ticipant P3 in our Exploratory Study. This participant abandoned the study because

ChatGPT chose a path that resulted in successive invalid versions of the system. More-

over, using the standard ChatGPT interface, backtracking to the last correct version was

not easy. He would have had to save these versions manually, which is not a natural

procedure for less experienced users.

Execution and Visualization: NoCodeGPT also provides a button that allows the

user to quickly run and check the behavior of the code generated by GPT. This way,

the user does not need to have knowledge of command-line tools, such as compilers and

interpreters.

4.4 Architecture and Implementation

The implementation of NoCodeGPT has two modules: front-end and back-end, as

shown in Figure 4.3. The front-end is responsible for controlling the functionality of the

tool’s pages and for guiding the user through the workflow to build the Web app. The

back-end is responsible for receiving requests sent by the front-end and processing the

necessary information to build the prompts that are submitted to the OpenAI API. The

back-end also stores all interactions with the OpenAI platform in a database.

Specifically, the front-end implementation uses the following technologies: Vue.js

(version 3) with TypeScript using the Composition API, HTML, and CSS. For the back-

end implementation, ExpressJS, SQLite 3, and JSON Web Token are used. The front-end

has 1,847 lines of code, and the back-end has 3,342 lines, totaling 5,189 lines.
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Figure 4.3: NoCodeGPT’s high-level architecture.

Figure 4.4 provides a detailed view of the architecture of the implemented tool.

The front-end consists of the Main class, which controls the initialization of this compo-

nent, and the App class, which manages the interface logic. Page route management is

handled by the Route class, which is capable of displaying any of the pages, such as Ad-

dPageView and LoginView. Specifically, the application pages are implementations

of Vue Single-File Components. These components call the endpoints implemented in the

back-end using the CallService class, which relies on the standardized implementation

of the FetchAPI class.

In the back-end, the prompts are initially processed by adding other important

information to obtain more accurate responses and, ultimately, the GPT API is called to

generate the code requested by users. The PromptRequest and PromptResponse

classes store, respectively, the requests and responses made to this API. Detailed informa-

tion from the previous requests is also stored to implement the version control mechanism

provided by the tool. Finally, the PromptType class stores the templates of the prompts

sent to the OpenAI platform.

Temperature: From the experience of the Exploratory Study, we concluded that low-

ering the temperature in fact makes the model more deterministic and also accurate.

Therefore, we decided to reduce the temperature used in NoCodeGPT to zero.
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Figure 4.4: Front-end and Back-end architecture.

4.5 Final Remarks

In this chapter, we explored the development of the NoCodeGPT tool, created

to mitigate the main limitations highlighted by P3 participant in our exploratory study

(Chapter 3). We presented all the features of the tool, from the ability to contextualize

to view an application. We emphasize the importance of temperature parameterization,

a crucial factor for tool efficiency. We observed that it works as an intermediate layer

between the user and the OpenAI API. The features demonstrated comprise a set of

resources that aim to improve user experience and efficiency in software construction,

especially for those with little coding experience. The source code of the NoCodeGPT

tool can be accessed by the link: https://github.com/mauricioms/nocodegpt

https://github.com/mauricioms/nocodegpt
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Chapter 5

NoCodeGPT Evaluation

5.1 Introduction

In this chapter, we will discusses our evaluation, realizaded by a group of par-

ticipants who share the same profile as those in the previously mentioned exploratory

study (Chapter 3). The evaluation of NoCodeGPT was conducted in two phases, with

a total of 14 participants, who were invited to implement two small web applications

using only prompts and our tool. Our main objective is to verify whether NoCodeGPT

helps to overcome the limitations identified in the Exploratory Study. The two distinct

experiments were designed to generate results that can be evaluated based on applications

with different characteristics. This methodological approach will facilitate a more precise

analysis of the level of efficiency achieved by the tool.

5.2 Methodology

The evaluation of the proposed tool was conducted in two phases. First, a pi-

lot test was carried out with four participants. The goal was to test and validate the

implementation of the proposed tool with a small number of participants and assess its

feasibility. Specifically, the participants used the tool to implement a simple task man-

agement application with the following user stories:

1. As a user, I want to add a new task to the list so I can track what I need to do.

2. As a user, I want to edit an existing task so I can correct or update the task

description.

3. As a user, I want to mark a task as completed so I can indicate that I have finished

it.
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4. As a user, I want to remove a task from the list so I can clean up my todo list.

The participants received initial training on the tool (30 minutes) and were also

provided with a low-fidelity mockup of the application. We decided to provide this mockup

so that participants could have an idea of the functionality they needed to implement.

However, we clarified that the mockup would serve only as an example, meaning the

application to be created did not need to have an identical layout.

Following this pilot experiment, we conducted a larger experiment with 10 partic-

ipants. In this case, we used the ForumApp from our Exploratory Study (Section 3) as

the target application. The participants also received initial training and a mockup of the

requested app. They were asked to implement the following user stories:

1. As a user, I want to add a new question to the forum.

2. As a user, I want to delete a question from the forum.

3. As a user, I want to access the answers of a given question in a separated page.

4. As a user, I want to answer to a question in the forum.

5. As a user, I want to delete an answer.

Compared to the Exploratory Study, we made two important changes to the list

of user stories of ForumApp. First, we removed the stories related to login and user

registration, as these are predefined features in NoCodeGPT, as explained in Section 4.3.

Second, we added a story explicitly stating that, given a question, it is important to

access a second page with its answers. This was done to prevent users from implementing

the entire app on a single page. If that happened, we would not be able to evaluate

NoCodeGPT’s ability to support the creation of apps composed of multiple web pages.

Table 5.1 summarizes the participants’ web development experience in each ex-

periment (TodoApp and ForumApp). All participants are undergraduate Computer En-

gineering students in their first or second year. Additionally, as shown, they match the

ideal user profile for NoCodeGPT, meaning they have either no experience or, at most,

one year of experience in web development.

Years of experience TodoApp ForumApp

No experience 2 8

Less than one year’s experience 2 2

Table 5.1: Participants’ experience on web development.
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5.3 Pilot Experiment Results (TodoApp)

In the pilot experiment, two participants managed to build the TodoApp applica-

tion with all four proposed stories. However, two participants did not implement one of

the stories. Figure 5.1 shows a screenshot of an application built by one of the participants

who successfully completed all four stories.

Figure 5.1: Screenshot of participant P2’s application.

Moreover, Table 5.2 details the stories that were implemented by the pilot par-

ticipants. As we can see, participant P4 was unable to implement task editing, while

participant P1 was unable to implement a feature to mark a task as completed. In both

cases, the participants attempted to implement the functionality, but the code generated

by GPT did not work as expected. Thus, they decided to give up without attempting

again. On the other hand, the creation of new tasks, as well as their removal, were

implemented by all four participants.

User Stories Participants who succeeded

As a user, I want to add a new task P1, P2, P3, P4

As a user, I want to edit an existing task P1, P2, P3

As a user, I want to mark a task as completed P2, P3, P4

As a user, I want to remove a task from the
list

P1, P2, P3, P4

Table 5.2: Participants who implemented each user story in the pilot experiment
(TodoApp).

Figure 5.2 shows the number of prompts each participant used to build the TodoApp.

Participants P2 and P3 interacted the most with the tool and were the only ones to im-

plement all user stories, each using 16 prompts. In contrast, participants P1 and P4 used

nine and eleven prompts, respectively. The most common prompt type was for requesting

features, except for participant P2, who used eight prompts to improve the app’s layout.

For P1, there was an even split between feature and bug-fix prompts, with four prompts
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each. Interestingly, P1 and P4 did not use any layout prompts, indicating they were

satisfied with the initial layout proposed by GPT. Lastly, all participants used exactly

one initial prompt.

Figure 5.2: Types of prompts implemented by each participant in the pilot experiment
(TodoApp).

NoCodeGPT’s version control functionality was heavily used during the pilot ex-

periment. The four participants carried out a total of 16 rollbacks while building the

proposed web application. Table 5.3 indicates that participant P4 made the most use of

this feature, requesting five rollbacks.

Participant P1 P2 P3 P4

Rollbacks 4 4 3 5

Table 5.3: Rollbacks by participants in the pilot experiment (TodoApp).

Figure 5.3 illustrates the rollback operations carried out by participant P2. In this

figure, each branch represents a sequence of prompts that were abandoned (i.e., that were

concluded with a rollback). Specifically, P2 performed four rollbacks, after prompts 4, 6,

10, and 13. We can also see that P2 used 16 prompts in total, but seven prompts were

discarded. Only nine prompts resulted in usable code (prompts 1-2, 7-9, 11, 14-16).

5.4 Results of the Second Experiment (ForumApp)

In the second experiment (ForumApp), seven participants successfully implemented

all five stories. The last three participants failed to implement at least two user stories.
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Figure 5.3: Rollbacks performed by Participant P2 in the pilot experiment (TodoApp).

Figures 5.4 and 5.5 show screenshots of the application created by one of the participants

who completed all five stories. Figure 5.4 shows the question registration page, and Figure

5.5 shows the answer registration page.

Figure 5.4: Question registration page created by participant P7 in the second experiment.

Table 5.4 shows the stories implemented by the participants in the second experi-

ment. As we can see, participants P8, P9, and P10 were unable to implement the stories

requesting answering questions and deleting answers. Participant P9 was the only one

who failed to implement the third story, which defines that from the question page it

should be possible to access the answers pages.

Figure 5.6 shows the number of prompts used by participants to build the Fo-

rumApp. Feature-type prompts were the most frequently used by participants, totaling
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Figure 5.5: Answer registration page created by participant P7 in the second experiment.

User Stories Participants who succeeded

As a user, I want to add a new question All participants

As a user, I want to remove an existing ques-
tion

All participants

As a user, I want to access the answers page All participants, except P9

As a user, I want to answer a question All participants, except P8, P9, P10

As a user, I want to delete an answer All participants, except P8, P9, P10

Table 5.4: Participants who implemented each user story in the second experiment.

37 prompts, followed by 20 initial-type prompts. Each participant used two initial-type

prompts: one for the page for registering questions and another for the page for registering

answers. The bug-fixing and layout categories have 14 prompts each.

Of the seven participants who successfully implemented the application, P7 used

the most prompts (12), while P3 used the fewest (5). The main reason for this difference

seems to be the level of detail in their initial prompts. P3 started with a more detailed

prompt, as presented next:

Prompt: Create a page where I can register questions, where the registration includes a
title, the text of the question, the logged-in user who asked the question, and the time the
user asked. The questions should be listed in a table showing the title, the question text,
the user who asked, and the date/time, alongside a button to delete the question and a
button to view answers. The view answers button should go to an answer registration
page for the selected question.

On the other hand P7’s initial prompt was more succint, as follows:

Participants P9 and P10 were the only ones who did not use layout-type prompts.

This behavior is common among participants who struggle to finalize the application.
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Figure 5.6: Total prompts used by each participant stacked by type.

Prompt: Create a question registration page, which will have a box to enter the title
of the question and add the description of the question. The questions will be listed
separately in a table that will show the title of the question, the user who registered it,
and the date and time.

Since both participants were unable to implement all functionalities, they did not reach

the stage where layout-type prompts are typically used, i.e., after everything is working

as expected. Participants P1, P2, and P3 were the only ones who did not use bug-fixing

prompts, likely because their more detailed initial prompts led to more precise results by

the GPT model.

Finally, table 5.5 shows the number of rollbacks by each participant. As we can see,

this feature was used less during the development of ForumApp (compared to the pilot

study with TodoApp). Our hypothesis is that even though ForumApp has two pages,

they are simpler than the single page specified in TodoApp. These simpler pages make

it easier for the participants to define more precise and effective prompts. As a result,

GPT was able to generate correct code in the first attempts and the need for rollbacks

decreased.

Participant P1 P2 P3 P4 P5 P6 P7 P8 P9 P10

Rollbacks 0 0 0 0 0 1 2 0 0 2

Table 5.5: Rollbacks by participants in the second experiment.
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5.5 Participants’ Perceptions

After the experiment, the participants of the first and second experiment (in to-

tal, 14 participants) also reported their perceptions about NoCodeGPT in a simple form.

They answered two questions:

What are the tool’s most positive points? Among the positive points highlighted

by the participants were the simplicity of NoCodeGPT’s interface (10 participants), the

convenience of not having to copy-and-paste code (9 participants), and the lack of need for

prior knowledge of programming languages (10 participants). Additionally, the ability to

revert to previous versions and quickly view the prototype was seen as a valuable feature

for those developing an application. Below are some of the positive aspects of the tool

mentioned by the participants:

We were able to create a functional application without using any code, just simple in-

structions. The possibility of selecting previous versions was fundamental for correcting

some bugs.

NoCodeGPT has an interesting purpose and is very useful, especially if you have a min-

imum knowledge of development. One of the best features is being able to go back to

previous versions.

The tool is very easy to use; and the feature of not having to copy-and-paste any code or

have prior knowledge of programming languages (although knowledge certainly increases is

benefit); The feature to go back a version is very useful and helps a lot in the construction.

What are the downsides of the tool? The main negative point pointed out by

participants was the delay in responses during interactions with the prompts (14 partici-

pants), as commented by the following participants:

NoCodeGPT at times takes too long to respond. Improve the response time.

Slow responses, I suggest increasing the processing speed of the tool.

It takes too long to execute the commands.

However, it is important to note that this delay refers to accessing the GPT API

provided by OpenAI. Thus, it is a variable over which we have no control.
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5.6 Lessons Learned

In the exploratory study, we concluded that the default interface offered by Chat-

GPT is not suitable for users without programming experience. Therefore, we decided

to invest in the design and implementation of NoCodeGPT, a wrapper for the GPT API

with features that make it easier for non-expert users to create a simple web application

without writing code.

In this section, we reported the results of two studies designed to evaluate the effec-

tiveness of NoCodeGPT in accomplishing its purpose. In the first study (TodoApp), two

participants implemented all four proposed user stories, while the other two participants

missed just one story. In the second study (ForumApp), seven participants implemented

all five proposed user stories, three participants missed two stories, and one participant

missed three stories.

Lesson Learned #6 : The results obtained with both apps showed that NoCodeGPT

is effective in helping inexperienced users implement simple web applications without

having to write code.

• In the exploratory study, using the default interface provided by ChatGPT, an in-

experienced participant was unable to implement any of the proposed user stories.

• In the experiments described in this section, using the customized interface pro-

vided by NoCodeGPT, a scenario of total failure did not occur with any of the

participants. Considering both experiments, NoCodeGPT was used by 14 inex-

perienced participants. More than half of such participants (9 participants) suc-

cessfully completed the proposed applications, while the others completed at least

half of the proposed user stories.

Next, we briefly discuss the role and contribution that the main features of NoCodeGPT

had in these results.

• NoCodeGPT establishes a clear distinction between two categories of prompts: (1)

prompts that define technologies and architectures; and (2) prompts that define

functional requirements. The latter prompts are handled and encapsulated by the

proposed tool. Consequently, users are solely responsible for writing prompts de-

scribing functional requirements.

• NoCodeGPT also manages and stores the code generated by GPT. This way, users

do not need to copy and paste the generated code to a local directory or create a
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specific folder structure for each application and architecture. These concerns are

completely automated by the proposed tool. It also automates related tasks, such

as installing libraries and configuring environment variables. It is worth mentioning

that such tasks represented major obstacles for the non-expert participant from our

Exploratory Study (Chapter 3).

• The rollback feature has been of major importance in NoCodeGPT’s performance,

particularly in the experiment with the TodoApp. In essence, this feature reduces

the chances that users give up when a bug recurrently appears in the generated

code. When this happens, users can readily restore a version that not have this

bug.

• The code execution and visualization button was also very important for users to

quickly check and identify issues in the generated code, including both bugs and

layout problems.

5.7 Final Remarks

In this chapter, we conducting two comprehensive experiments with NoCodeGPT

Tool. These experiments were carefully structured to assess the tool’s effectiveness and

involved a detailed process to ensure reliable and valid results. The outcomes of these

experiments were promising, demonstrating a significant increase in the success rate of

software development tasks when using NoCodeGPT.

The results highlighted not only the tool’s ability to simplify the software con-

struction process but also its potential to boost productivity. Users reported that the

functionalities of NoCodeGPT were instrumental in streamlining their workflow, reduc-

ing the complexity typically associated with software development.

Furthermore, the experiments provided valuable insights into the tool’s perfor-

mance and user interaction, leading to several lessons learned.

The data related to the evaluation of the NoCodeGPT tool is at the link: https:

//github.com/mauricioms/nocodegpt-evaluation

https://github.com/mauricioms/nocodegpt-evaluation
https://github.com/mauricioms/nocodegpt-evaluation
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Chapter 6

Conclusion

6.1 Contributions of the Dissertation

The increasing adoption of language models by software engineers emphasizes their

transformative potential in the development of web applications. This dissertation inves-

tigated the application of ChatGPT as a tool for individuals with limited programming

experience to create small web applications. The inadequacy of the standard GPT inter-

face to effectively support this task was evidenced, due to its generic nature and lack of

specific tools that facilitate the development process for non-technical users.

In response to this limitation, we developed a tool called NoCodeGPT, which

consists of software specifically designed to improve the ease of development, allowing

users lacking coding experience to build web applications effectively. The NoCodeGPT

interface is designed to encapsulate and simplify all interaction with the language model,

reducing users’ need to elaborate complex prompts related to specific technologies or to

manually manage complex aspects of the file structure.

The effectiveness of NoCodeGPT was evaluated through a rigorous experiment

with 14 undegraduate students, whose results were quite promising. The experiment

demonstrated that NoCodeGPT significantly outperformed ChatGPT’s standard inter-

face in terms of facilitation and effectiveness in building small web applications, without

requiring the user’s coding skills. For example, more than 60% of the participants suc-

cessfully implemented a web system using only the functional requirements provided.

The results demonstrate the potential of NoCodeGPT as a powerful tool to democ-

ratize software development, allowing people without in-depth knowledge of programming

to know and explore the world of web application creation. In addition, the creation of

customized interfaces such as NoCodeGPT shows how the adaptation of language models

can expand the accessibility of artificial intelligence technologies in various domains.
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6.2 Future Work

For future work, there is a promising path for the continuous advancement and

validation of the technologies discussed. One of the main focuses will be to broaden the

scope of the evaluation, incorporating a more diverse range of applications and involving

a larger number of developers in various development scenarios.

A crucial aspect of this development is the extension of NoCodeGPT compatibility

to support a wider variety of programming languages and software architectures. This

expansion will increase the versatility of the tool, allowing a wider audience to benefit from

NoCodeGPT’s capabilities. Interoperability with different systems and platforms will be

an essential step to ensure that the technology can be integrated effectively into existing

development environments. In addition, another area of exploration is the adaptation of

NoCodeGPT for the development of different types of applications, with a special focus

on mobile applications. Given the growing demand for mobile solutions, the ability to

generate code for these platforms can open up new opportunities for developers, making

it easier to create such applications.

Other possible future work that can be addressed is the validation of the creation

of applications integrated into other systems and web platforms, allowing the tool to be

used in more complex environments. This kind of tool evaluation will allow us to find out

if it adapts to the non-functional requirements of software development properly.
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