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Abstract
Large Language Models (LLMs) began to dominate the Software Engineering industry in 2023. The question it truly poses, is how useful the tools are, and what effect can they have on a codebase. Automated test generation has been “studied for almost half a century” [1]. It can be theorised that LLMs would assist in many factors of the quality assurance process, such as improving the test coverage percentage, the variations of tests, and improving productivity through being able to generate test data to test services. This document aims to explore those fields and therefore, proposes a study to evaluate the potential effectiveness that LLMs can have on the development and testing process. The results show promise that the LLMs do have potential to have a positive impact on the developer experience. 


1. [bookmark: _Toc157461617]Introduction  
The focal point of this document is to display the body of work completed as part of a project that’s primarily focused on research. It was chosen due to the emerging and cutting-edge nature of the subject.
The proposed study is to explore Large Language Models, or LLMs, and how they can synergise with software testing. This is due to the rapid rise of LLMs in the Software Engineering industry. Large volumes of them are being developed and released, in the hope they can improve the industry. Large organisations are developing their own, such as AWS’s Code Whisperer [2]. This study aims to analyse the effectiveness of them on a codebase. With a primary but not exclusive focus on the testing process. It will expand on whether an LLM can help improve the development and testing process. For example, code documentation to help decrease the abstract nature of a large application. The volumes of tests written, to improve the percentage of test coverage. This will help understand whether a LLM can offer insights to a software engineer, to understand if there are any factors of the system that they haven’t considered. The reason it will delve into the development aspect is to improve the volume of data collected, and therefore results of the project. This will help improve the depth of the research.
Large Language Models are a sub-category of the Artificial Intelligence (AI) field of Natural Language Processing (NLP). In the context of an LLM, it is also applied through the field of prompt engineering. This refers to the idea of developing the most efficient methods of querying a LLM [1] [3]. The core idea is that they are trained on huge volumes of data, to be able to understand human-based questions about all different subjects [1]. These then generate responses based upon how they understood the question [4]. On certain occasions, they won’t be able to answer due to not being up to date with the new data or subject that is being queried. They are predicted to impact various industries. Education is an industry where they could be impactful [4]. For example, a model could help a student learn, such as questionnaire generation. A student could test themselves against course material. The figure below shows a generated answer from ChatGPT (Developed by OpenAI). ChatGPT is a highly comprehensive model and is trained on billions of parameters [5].
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[bookmark: _Toc141720599][bookmark: _Toc157461659]Figure 3 - Mini Generated Exam
The problem arises when this technology is manipulated. In the education scenario, students could also utilise it to plagiarise and due to the technology’s infancy, there aren’t rigorous regulations in place. Everyone should use these tools with caution. The other risk involved in LLMs are that the data they are trained on could be non-factual, this leads to various responses not being true [4]. 
In this study, a LLM will be used within the context of Software Engineering. LLMs have impacted Software Engineering massively. This is due to the attraction of being able to generate code for mundane tasks, to overall increase productivity. For example, a developer could use an LLM to generate some data to test an API that they are building. There is a clear path in how the two could be morphed to work together. The risks are still prominent in this scenario. If a LLM was trained on bad code, it will return with bad code. It may also respond with code that doesn’t work or doesn’t exist. It may return with non-existent code by assuming about a function in a particular library that doesn’t really exist. This increases confusion to the developer. 
For this reason, using LLMs to assist the development process should be treated with caution. LLMs are generally trained on open-source codebases, on GitHub [5] this increases possibility of the code being inconsistent for a multitude of reasons, such as different coding styles, an example of a custom dataset for Java code generation is CONCODE [5]. The below figure displays the sequence of code generation, using an LLM. 
[image: A diagram of a network
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[bookmark: _Toc141720600][bookmark: _Toc157461660]Figure 4 - Code Generation [5].
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[bookmark: _Toc157461619][bookmark: _Toc99624254]1.2. Aims and Objectives
For the project to reach completion, it is imperative that there are a set of detailed, but concisely written aims and objectives. These enable the project to be further planned, but also allows the objectives to be components to be completed to complete the overall project.
1.1. [bookmark: _Toc141713170][bookmark: _Toc157461620]Aim
An exploration of Large Language Models and their effectiveness on the testing phase of the SDLC on a developed codebase of a reasonable size. This can be hypothesized in the following question:
“Can a LLM have a positive impact on processes within an application’s lifecycle?”
1.2. [bookmark: _Toc141713171][bookmark: _Toc157461621]Objectives
1. Explore the general development, testing and LLM paradigm to further understand the field at a theoretical level and to gain clarity of what experiments are to be completed in the project. 
1.1.  This will be incorporated into a clear but concise literature review.
2. To design, develop and collate a selection of codebases and experiments to be used to collect results for evaluation.
3. To implement a set of experiments based upon various stages of the software development lifecycle.  
3.1. This will gather the data from the LLM’s performance in the development and testing process.
4. To analyse and evaluate the data collected to understand the effectiveness of LLMs during the development and testing process.
4.1. This will be the final stage of the project, incorporating the results, evaluation, and final conclusions. 
This chapter has stated and therefore proposed the aims and objectives of the project. These will be essential as by completing these, the overall project will be completed. The next section is an extensive literature review. 


2. [bookmark: _Toc157461622]Literature Review 
The literature review intends to explore predominantly the field of Software Testing and Large Language Models respectively before studying them as a combined field of study. This will enable insight to be built on how the two fields can complement one another. Below is a high-level overview of what chapters will be in the following sub-chapters. 
1. [bookmark: _Hlk152326116]The Progression of Software Testing
a. Software Testing Principles
b. Software Testing Tools
2. The Large Language Model Landscape
3. Code Quality – Writing Clean Code
4. Synergising Software Testing and LLMs
The focal point of this literature review is to show the progression of testing, from being thought of at the end of the project, to now being its own sub-field of Software Engineering. The literature review intends to emphasise its importance and need while also highlighting a way in which it can advance even further – using Artificial Intelligence as a helpful tool to improve the quality of software. Common themes which are evident throughout the research is that the industry has a strong belief that testing should be treated as carefully as the development of the software [6] [7] [8] and that test automation will increase the overall coverage of the functionalities and features tested. 


[bookmark: _Toc157461623]2.2. The Progression of Software Testing
Due to how software testing has progressed towards the field of automation, there is a cautious attitude amongst practitioners when comparing the strength of manual and automated testing. Manual testing refers to a type of testing that is completed by a human whereby they will execute a test plan that they pre-planned to simulate walkthroughs of the system [7] [9] [8] [10], to check for various defects, and errors. This is a slow but assured process and is of high value to any software delivery team. The developers could miss errors in their code logic due to several factors, such as the pressure to deliver a software feature in a constrained amount of time. Test automation is the practice of writing code that will test a targeted system. These can be optimised to run efficiently [7] [9] [8] [10]. These are highly customisable, for example, a test automation engineer could write their tests using a loop statement, to execute one test multiple times, but use a library to generate the data they are using in the test, so the system is tested using a variation of data. It ensures the systems are rigorously checked. Test automation is not a new field within software development. This is a liability for the research, as it results in the research papers cited to not be as recent as the research completed in the sole field of Large Language Models (LLMs), this causes a lack of validity as technology evolves at a rapid pace. 
Software testing is a large but essential paradigm in software engineering. Due to this, there are job roles which are specifically dedicated to testing. In larger organisations, they have dedicated departments. This helps retain quality assurance [11]. Testing is completed for a multitude of reasons, but ultimately, it is to clarify, that the software that a team has built is behaving in the way that was intended when they implemented it [12]. A test engineer’s goal is to test the software to ensure this, in doing this, they will naturally discover defects and bugs which are present in the software. Software testing is also done to reduce the risk of cost, if bugs and defects can be resolved before deployment, it minimises time required spent on maintaining these in the future [13]. Overall, this ensures that the Software is of a greater quality [6]. Testing is a large component of the Software Development Life Cycle (SDLC) [12], it naturally occupies a large portion of the project. It is estimated that 50% of the time is spent testing [6], this increases developer confidence that the project is at production level. Testing, in some cases can have its own lifecycle. This is known as the Software Testing Life Cycle (STLC) [12]. This can be seen in the figure below. 
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[bookmark: _Toc141720597][bookmark: _Toc157461662]Figure 1 – STLC [12]
There are many different forms of testing, these include Unit, Integration, Accessibility, Acceptance [6], End-to-End, and UI. These could also be further categorised into Automated Testing, and Manual Testing [11]. Testers have various strategies which they can approach testing a new system with [11]. One method they may use, is defining acceptance criteria, in doing this, when placing the system under test, if the acceptance criteria aren’t met, the system would need to be re-evaluated and improved. The testers could also improve the code, so that the acceptance criteria are passed. 
Testing is treated with the utmost importance in all organisations, with organisations developing their own testing framework, principles, or guidelines for test engineers to follow when completing their tasks. A well tested system results in confidence in the application, less downtime, and an enhanced reputation. 
	Automated forms of Testing
	Explanation

	Integration
	This is completed when two software modules are coupled as part of the architecture. It helps understand if they are connected correctly [6].

	Unit
	This refers to testing individual functionalities in a codebase [6], through assertions.

	Accessibility
	This ensures the application adheres to Web Accessibility Guidelines (WCAG), so that the software doesn’t discriminate based on an individual’s personal circumstances. 

	Acceptance
	This refers to testing the finished system, to ensure it is functioning in the way intended when it was designed [6].

	User Interface
	This is done to test the UI specifically. Examples of this are checking the navigation between pages is working correctly. 

	End-to-End
	These are automated tests written to act as the user using the system performing a specific task. An example of this would be filling a form and sending it to the server. 


[bookmark: _Toc141720598][bookmark: _Toc157461663]Figure 2 - Types of Testing
As previously mentioned, software testing is imperative to ensure quality within software. The first paper utilises an interesting diagram to visualise how the previously mentioned SDLC and STLC complement one another. 
[image: A diagram of a software development
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[bookmark: _Toc157426223][bookmark: _Toc157461664]Figure 6 - V-Model Example [14].
This is an interesting diagram as it expands upon the different types of testing that can theoretically be completed at each stage of the SDLC, a viewpoint agreed with by Gupta and Bathla [9]. For example, during the collection of requirements, acceptance tests could be written. These could be in the form of Behaviour Driven Development (BDD) style tests – tests that are readable by all stakeholders in the development process, as they are written in the English language. 


2.1.1. [bookmark: _Toc157426172][bookmark: _Toc157461624]Software Testing Principles
Amongst software testing, there are testing principles, often these are followed but some organisations and teams will adopt their own set of principles to standardise a way in which they write and test their own software. An example of an organisation’s own standards will be expanded upon in the methodology in the form of a case study. 
A paper dated thirteen years ago studied the main principles of testing, although the paper is older than five years. The core principles of software testing are still the same, thus, the paper retains validity. Testing should be started early [15]. A paper by Kumar et al, categorises the principles into seven categories. These will be further expanded upon throughout the chapter. The principles stated are:
1. [bookmark: _Hlk150878939]Test early [14].
2. Error absence [14].
3. Defect clustering [14].
4. Over testing is an impossible task [14].
5. Testing has context dependence [14].
6. The pesticide paradox [14].
7. Testing shows evidence of defects [14].
To test early is an efficient way as it aligns with common test goals, such as having wide test coverage [14] [16]. Test coverage refers to the percentage of functionality which the tests cover. Higher test coverage can build further confidence for the system, this contradicts to another principle, that extensive testing is impossible, this one states that the most appropriate functionalities should be prioritised for testing, and that covering every aspect of the system is not possible [14] [16], a paper by Dalal also emphasises this principle, and how this becomes more evident in large-scale, complex systems [17]. Testing is context dependent refers to the principle, that a different form of testing is completed depending on the point of the development cycle that the application is in [14] [18]. To expand, end-to-end testing is done at the end of the application to confirm how a typical user can interact with the system, whereas a unit test would be completed promptly after a function had been implemented. The principle which states ‘Testing shows presence of defects’ [14] [16], is a principle which can be self-evident. Software testing, by nature, is the process of testing to ensure a system has been built correctly. It discovers defects through completion of testing. Defect clustering is a principle which theorises that the smaller scale software modules will contain 80% of all defects [14] [16]. This could be a result of implementing smaller modules with less caution, due to over confidence in the simplicity of a module, this could become evident when utilising functionalities from a smaller module. The pesticide paradox is another principle mentioned in the two papers [14] [16]. This is a principle that is built upon the idea that the test cases should not be too similar, and that different test cases should be implemented and validated. This is important as by a varied level of test cases being implemented, a team is likely to discover a higher volume of defects. Error absence was the last principle, this is an important principle as it states that the absence of errors shouldn’t conclude that the system is completely defect free [14] [16], and that testing should be continuously done, even after deployment to ensure it remains defect free. It is likely that the team wouldn’t discover all defects before the release, so continuous improvement is an important stage of the application’s lifecycle.
The next paper theorised testing with a more applicable approach [18]. There are several principles which the two papers discussed, such as testing early [14] [16] [17]. However, it contained other interesting principles, such as testing to attempt a failure from the software’s build process [18]. By exposing failures, the software code can then be refactored to be more resilient against all possible failure cases. This applies to both the software’s code, and the test-based code. 
The principles discussed in this chapter are important to form a set of principles to adopt when testing, during the data collection. Principles can be inspired from the research, certain principles, such as ones that are self-evident do not feel necessary to utilise during the study. 




[bookmark: _Toc157461625]2.2.3. Software Testing Tools
The progression of software testing has accelerated the advancement, and therefore, sophistication of testing tools available. Automation frameworks, like Playwright [19], have a plethora of features for test engineers to use to their advantage. The volume of frameworks and tools available results in there being an available solution to a wide variety of software testing related problems. There are many tools and frameworks that function in identical ways, as some tools are built on the same engines. For example, Playwright and Puppeteer are both built on the Node.JS engine [19] [20]. The disadvantage to the volume of frameworks is that an organisation could find it difficult to designate a definitive technology stack to base their automation testing code from. Most frameworks are loosely coupled from their system they are testing, as they test using endpoints. In theory, the testing could have its own repository. 
A study was conducted by Chevuturu et al, to complete a comparison on different software testing tools. This was conducted with the aid of a survey. The survey covered a wide range of tools that were fit for different purposes. Selenium was one of the most popular choices to drive automation, it can be configured to record tests [7]. This can be used to record a scenario where a test could be failing, by watching the test running, it enables the engineer to understand why there is a failure occurring. A study was completed by Sen et al, this was a comparative study which focused on the automation tools available for testing Mobile, Web, and Desktop applications [8]. Sen et al, like the previous paper, also reference Selenium, stating that it is one of the most widely used automation tools in the industry, Selenium supports multiple programming languages, such as Ruby [8]. While also having the ability to run tests on multiple threads, against multiple browsers. For example, Chrome and Safari [21] [22]. The paper also discusses tools like Cypress, Cypress is like the Playwright framework, they are JavaScript based, and uses the Document Object Model (DOM) to interact with elements on the web page and run end-to-end tests. It, like Selenium, also supports multiple browsers such as Chrome and Safari [21] [22]. To demonstrate the similarities Playwright and Cypress share, the following code has been written. 
[image: A screenshot of a computer code
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[bookmark: _Toc157461665]Figure 7 - Playwright and Cypress Similarities
Test automation is a common theme used throughout the software testing field. This enables developers to become dedicated software testers, as they will write code that is solely responsible for testing the application in question. Teams have dedicated members for these roles, sometimes referred to as an SDET, this is an abbreviation for a Software Development Engineer in Test. This term was created by Microsoft. They are in the team to ensure the required quality is met, while they can also assist in the development of the software [23]. 
A huge tool that is mentioned throughout several papers, is Selenium, it is a tool which facilitates automation [13]. The following diagram from Sheth et al expands upon the diverse support that the technology offers in automation. The DVLA – who will be explored in chapter three, are adopters of this tool, alongside another tool that this paper mentions, Cucumber [13].
[image: A diagram of a software development process
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[bookmark: _Toc157461666]Figure 8 - Selenium Overview [13].
  


[bookmark: _Toc157461626]2.3. The Large Language Model Landscape
Large Language Models are a relatively new subject area in the field of computing. However, this has not slowed down the progression of the technology. It is important to note that due to the emerging nature of the technology, some of the research used is very recent. Various papers are in the Preprint stage, this means that they are being reviewed. There is confidence in the paper’s quality however, as they are written by recognised researchers.
A paper completed by Sam R. Bowman studied important aspects of Large Language Models that are useful in aid of understanding them, firstly, this paper was published in 2023, this results in it being new. It alludes to the idea that Large Language Model will grow with the more time, and effort is dedicated to developing them. This would be the general observation, the important areas that it concludes is that there are no reliable techniques yet to steer their behaviour [24]. Bowman suggests that an LLM will attempt to continue an answer, rather than offer a new insight to a question, this is interesting and useful to the study as it enables the understanding that the LLM will attempt to rectify its mistake [24]. One interesting point that Bowman points too is that the research within LLMs is immature, this can be interpreted that the field is too new to fully grasp a full understanding of the field [24]. 
Large Language Models, or LLMS, are an emerging technology – the core idea behind them is that a human can interact with one conversationally, and the model will return knowledge, based upon the question which the user prompted the interface with. A popular example is the previously mentioned ChatGPT, figure 8 shows the user interface utilised to communicate with users. 
[image: A screenshot of a computer
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Figure 9 - ChatGPT UI
They are advantageous as language is a core fundamental to how individuals communicate with one another [25]. An LLM is resided in the sub-field of Natural Language Processing, or NLP. The paper by Naveed et al expands upon the intricacies of how LLMs work. An LLM is trained to understand through text through the method of Tokenization. This references the idea that when an LLM is prompted, it will divide the text into recognisable tokens. These will then use these tokens to use keywords to formulate what the answer should be. They can then use these token snippets to return the answer, an LLM doesn’t typically have context of previous responses. They require great depths of detail to return a useful answer. 
The area of LLMs is difficult to understand at the low-level, without conducting less reliable sources, this is a large fault in the research, and creates a gap in the literature. Most of the research found was based upon trends in the industry, rather than how they are used or their applications. For example, a paper by Brown, et al, explores the concept of LLMs and how they will grow and expand. They confirm in the paper that the prompt is essential to how well the response is returned, it also expands that models can be used for randomised tasks that they haven’t necessarily been extensively prompted on prior to the question. It also shows that it cooperates across a multitude of tasks, such as language translation [26]. This research builds an understanding of the overview of how a Large Language Model can be used. 

[bookmark: _Toc157461627]2.4. Code Quality – Code Measurement Tools
This section is to study code, and code analysis. This is because the research in this section will be applied to discover a reasonable set of metrics, to which code can be analysed during the experiment proportion of the research. These metrics can offer insight in how well the LLM can write code. 
Building an application, using the foundation of retaining quality code, will increase the likelihood of the software having a higher level of maintainability [27], also resulting in it being a system that survives the rapid changes in the software industry. To build a system of sophistication, it requires a strong, and experienced team. As architectural decisions must be made to ensure the application can handle scenarios such as a performance related problem. For example, It must have the necessary fault tolerances in place to handle heavy traffic on the application, this level of understanding would only stem from years of experience. The caution with LLMs, is how well they can write code. Ultimately, if bad data was used to train them, then it will produce bad results. 
Commonly, tools are now used to analyse code inside of a development environment, to detect issues. This can avoid further delays at the code review stage. Ultimately, if the code isn’t written well, it will cause problems further down the development process, or when trying to extend the application. These will become time consuming, and it is classified as technical debt [27]. To avoid these problems arising, teams utilise tools to measure the quality of their code, such as Sonar – Sonar is a tool which can integrate with a codebase repository to analyse the code and check for quality. This is a Static Code Analysis tool [28]. This enables a team to understand where improvements can be made. These tools are sometimes integrated within a development environment. Microsoft offer code analysis capabilities in their IDE – Visual Studio [29]. Visual Studio can use metrics such as Cyclomatic Complexity, Depth of Inheritance, Class Coupling. Low coupling is referred to as software modules that aren’t dependent on one another. Depth of Inheritance, or DIT. This is a measurement of how many nodes are attached to a class. For example, if a parent class, had a child class, and that class had a further child class. The DIT would be three [29] [30]. The research for these code metrics is old. However, it is debatable that this indicates that they are trusted if there are still tools that use them now to assess code quality. The recommendation for DIT is a smaller number is preferable to improve codebase quality [29]. This indicates the codebase being easier to maintain. Commonly, professional developers utilise highly customisable and lightweight IDEs, the 2023 Stack Overflow Developer Survey proves this as Visual Studio Code (VS Code) is listed as the most popular IDE, withholding a difference of greater than 40% between first and second place [31] [32]. VS Code has extensions which also can help measure an individual’s code. A company called StepSize created a popular extension, that is used to measure technical debt [33]. They use a selection of metrics to do this, like Microsoft, they also use Cyclomatic Complexity. Cyclomatic Complexity refers to a metric which measures how many paths a piece of functional code can take. Limiting these, will make the code easier to understand. This also makes it easier to follow which indicates greater readability and maintainability [29] [34]. They also use a numeric measure to judge function length. This coincides with the Single Responsibility Principle [35], this refers to a software engineering principle whereby a function should only be responsible for completing one task in the overall function of the application. For example, a function which manages the state of a Boolean value. StepSize have measured function length by a colour system as can be seen in the below figure. If a function follows SRP, it isn’t likely to exceed the green level. 
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[bookmark: _Toc157461667]Figure 10 - Function Length Measurement
Like DIT, StepSize also use a metric to check the range of nesting depths. This refers to how many times an if statement, or control loop is nested. They use a colour system as well, with between one and two levels being the recommendation, while anything above four would be classified as not being understandable [34] . Quality code will also ensure junior engineers can understand at a faster rate, as the code will be simpler to read. This also relates to the KISS principle, short for Keep It Simple Stupid [36]. The principle enforces engineers to write code that is easily readable. The document also details of a metric which assesses a function by the number of parameters it uses to complete a given task. Corresponding to their other metrics, they use a colour-based system, based on a number range. The recommended maximum range is four arguments. This retains maintainability. To contradict this, four may be too many, if it has high Cyclomatic Complexity and is used in a wide range of places in the codebase. By one argument being edited, due to requirement changes, it could have a domino effect where it would affect the modules/classes that it is also utilised in, which ultimately, would lead to the app to not work. The previously mentioned metrics have also been utilised in a conference paper authored by Chidamber and Kemerer, they argue the use of DIT, and Class Coupling to measure the code quality of a given codebase [37]. Although the paper was completed twenty-nine years ago. The metrics have proven to be integral metrics, as popular IDEs are utilising them in their toolboxes. 
The last tool that will be expanded upon, is a tool that resides in the JetBrains IDEs. This is a tool which analyses test coverage, although this tool doesn’t directly relate to writing better quality code. It correlates by being responsible for ensuring that the code is well tested. JetBrains based IDEs can analyse the total test coverage that has been completed [38], and can produce a corresponding report to analyse and formalise [39]. This will return a percentage level next to the filename in the project tree. This can be potentially integral as it allows a developer to check their coverage. This then allows them to self-affirm confidence in the code that they have written.
This section has enabled an understanding of how to develop these experiments further to occupy a gap in the academic research. This research can be utilised to analyse code quality in an experiment-based environment. The next and final section of the literature review will seek to understand how testing and LLMs have been synthesized in research, to show how they can complement each other, but also to expand upon research that is directly related to this study. 




[bookmark: _Toc157461628]2.5. Synergising Software Testing with LLMs
The first paper by Kang, et al. delved into this topic [1], the paper focuses on how an LLM can produce tests based on bug reports. This means that a high percentage of tests are written because of bugs that are found in the software [1] after deployment. The researchers use various LLMs, this is advantageous as it enables a comparison to be drawn between them to see the effectiveness. Interestingly, the research does question the reliability of the generated test code. In this research, they proposed a framework, called LIBRO, this is abbreviated for LLM Induced Bug ReprOduction. This framework is designed to generate tests, process the results of the test, and then provide suggestions on improvements once they can consider the results reliable [1]. This framework would perform these on bug benchmarks, bug benchmarks are databases of logged bugs. They applied LIBRO to Detects4J [40] and resulted in a 71.4% accuracy to overall stop bug reproduction [1]. They utilised JUnit for this research, a Java based Unit testing library [1] [41]. A Unit test refers to a technique of testing specific functions in isolation. This helps ensure they are functioning in the way they were implemented. The researchers also experiment with prompts, this will be done during this project to discover the prompt which produce the highest quality answers. They finally compared the Detects4J results to a personally compiled dataset to ensure the reliability of the effectiveness.
The results of LIBRO can be seen below. [image: A close-up of a list
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[bookmark: _Toc141720601][bookmark: _Toc157461668]Figure 11 - LIBRO Results [1]
The second paper overviews the idea of autonomous testing agents. The concept of this paper is that an LLM can act as the testing expert, to develop a test suite for production level software. The paper communicates, “developers also noting a lack of testing skills as an obstacle” [42]. Software engineers do have testing skills, as they would need to test their own code to ensure it works. They propose SOCRATEST, a LLM that will become autonomous [42], to assist in covering the stages of the STLC [12]. They theorise that it could act autonomously, rather partner a human developer. The merit of this paper is that it does propose a system which pushes the boundaries for LLMs to become more advanced, and useful to the industry [42]. They proposed different levels of SOCRATEST, where the lower levels still require prompts, and the higher level can act autonomously [42]. This is interesting but unrealistic at this stage. LLMs are limited by the experience of the developer utilising them, as they require prompts, for them to respond. The result is inconsistent, and regularly requires further changes to make it a safe, and workable solution. This positions them as tools to help facilitate this process. The proposed study aims to contradict this research as LLMs are not fully autonomous, and do not produce the standard of code that is expected at respectable, and reputable organisations. 
The next paper had similar aspects to this proposed study as it explored the effectiveness of LLMs on unit test generation [43]. Unit tests assist in enabling developers to understand how individual functionalities are working [43]. Interestingly, this paper acknowledges the problematic nature of LLM produced code, and that it would need to be evaluated to ensure it is maintainable code [43]. Siddiq, et al completed a comparison of three LLMs, they did this by generating test classes in JUnit, to then perform a comparison of the impact. These were ChatGPT, Codex, and CodeGen [43]. They analysed these by analysing the level of coverage that the generated code achieves, and how many occurrences of ‘code smells’ there were [43] from the three models, in three individual scenarios. ‘Code smells’ refer to a term which the code being written is written using bad coding practices and would be difficult to maintain [44]. For example, a tightly coupled test would be difficult to maintain, due to it being dependent on another block of code. The results were widely varied, the highest success rate for compilable code was 44%, this was from Codex. Overall, the results are questionable, the models couldn’t always produce correct code. Codex achieved the highest percentage of test coverage [43], but the LLMs were inconsistent, with occasional cases where they would offer solutions with inexistent code. This research is credible as it is honest about the factual problems of LLMs while also being relevant as there are aspects that would be applicable to the proposed study. It also contradicts the work of Feldt, as they proposed a project where the test engineer is an autonomous agent, whereas, in reality, this research concludes that LLM’s have not reached that level of sophistication.
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[bookmark: _Toc141720602][bookmark: _Toc157461669]Figure 12 - Test Coverage Comparison [43]
The last past paper which was analysed was also based upon test generation through utilising an LLM [45]. They used a system called TESTPILOT, which is based on the Codex LLM, to generate tests. They compiled 1684 functionalities to create tests for. The proposed study will be of a smaller scale due to the time scale imposed on the project. Codex, as concluded by Siddiq et al [43], has a high level of performance [43] [45]. TESTPILOT utilises Behaviour Driven Development (BDD) through the Mocha framework [45]. TESTPILOT was a successful implementation, as it could generate a test-suite within fifty-three seconds [45]. TESPILOT is also advantageous as it doesn’t require parameter tuning. When a test fails, a new prompt is created so it can adapt and respond with a passing test [45]. 
This section has extended the knowledge of the student. The research was predominantly based upon unit test generation, the proposed study intends to generate unit tests [43] [45], but also varied forms of tests, such as UI based tests. The research can be used to combine different elements from the literature to create their own methodology. For example, the project will use multiple LLMs, and tables to display the results of the experiments. 


3. [bookmark: _Toc157461629]Methodology
The research is important, LLMs have emerged with uncertainty and apprehension amongst the industry. Proving their effectiveness will enable readers to understand they can have a positive impact.  
To truly create a valuable set of research results, a methodology is needed to assess the extent of how good, or bad, that they are. This will assist in collating a set of results which can then be used to conclude whether they can be truly beneficial to the software development process, in contrast to this, it may assist in proving that the technology has not reached a high level of sophistication at the time of this report. A clear and well communicated methodology will build reproducibility so another researcher could read that, and reproduce the experiments completed.
3.1. [bookmark: _Toc157461630]Research Methodology
The methodology has an experimental aspect within it as it will utilise LLMs to carry out development, and testing. These will be used alongside designed questions to compile the experiment. These pre-designed questions will account for prompts that can be considered good practice. For example, a question may be posed to check whether an LLM can overall improve the test coverage of an application. These will also use a variety of LLMs to improve validity and accuracy of experiment, rather than a singular specific LLM. This means that the conditions of the experiment will be controlled, as each will be selected and completed by the researcher to test the application [46]. 
The research is objective because the results are formed through factual collected data. This data will be collected using the LLMs, and then logged within a table. The researcher will have no personal opinions, meaning they are excluded from the research. This will ensure integrity as there won’t be biases present. The data is a form of quantitative data. The disadvantage to this is that due to the nature of LLMs, it could result in unpredictable results [47]. However, the research will produce statistical and analytical data. 
The experiment’s design will also be informed by the research phase of this project. The literature will inform the study so it can be applied with accurate knowledge. The design and implementation will incorporate the design and development of a web UI, and a console application. These will then allow the researcher to write experiments to test a variety of experiments. During the experimental phase, there will be various experiments completed with three selected LLMs, such as Codeium, this will enable a large amount of data to be collected. This will enable them to be compared during the analysis.  
To communicate how the system may function, there will be a UML diagram, a UML diagram is a simpler way to show the reader how a decision was made on how the application was built [48] [49]. It is important to clarify that all designed classes may be implemented, this is predominantly due to time constraints within the project. However, a minimal set of classes will be produced to test. This will be viewed as the Minimal Viable Product (MVP), a popular concept within the Agile methodology.
For the React UI to be designed, Microsoft Word will be used to create a skeleton design of how the UI will work, an initial design will enable the implementation to be driven forward. React was chosen due to language familiarity, and its ability to develop rapid UI prototypes [50]. 


3.1.2. [bookmark: _Toc157461631]Development Methodology
The development methodology will synergise elements from different development methodologies to ensure the effective development and testing of the project’s application. 
Firstly, the project will partially adopt the feature driven development methodology (FDD), this is an Agile methodology which encourages consistent iterations of development, while being flexible to changing requirements, the FDD methodology enables the application to be developed in iterative stages, but specifically, to build features that add value to the project’s application [51]. Each feature will be designed and planned [52], while remaining flexible to the changing nature of a project, which Agile based development encourages [52]. In this instance, if the feature is being viewed as being more valuable than another to the project, it will be prioritised. For example, being able to navigate through the application fluently would be viewed as higher priority. This process also ensures the application will have functionality, although, unpredictable variables during the project could limit the application’s functionality. This is important as it will result in a functional application. For the testing of the application, it will use a testing framework, this will be using a framework, such as Playwright [19] as this is a solo project, there won’t be a discussion to formalise these. However, they will be inputted into Jira tickets, to then implement the tests. A risk which is related to this methodology, is time. Time is an unpredictable factor, as certain features may cause delays, due to difficulty making them functional, this could limit the number of features being implemented in the constraints of the time available to complete the project. To mitigate this risk, the application will use languages, and technology that the student is familiar with, this will help the development process. 
Develop Features for the Application
Test Features, applying different forms of testing (Unit, Integration, UI)
Use the LLMs, to complete the data collection
Re-Iterate Process




[bookmark: _Toc141720604][bookmark: _Toc157461670]Figure 13 - Development Methodology Visualisation

3.1.3. [bookmark: _Toc141713177][bookmark: _Toc157461632]Project Plan
It is vitally important to have a planning tool in place to assist in tracking the overall project completion. The tool chosen for this project is Jira, Jira is software project management software [53]. It’s used in the industry to manage tickets during project sprints. Through Jira, the project can be managed through smaller tasks, the advantage is that each ticket can have specific instructions so when that ticket is started, there is information on the ticket to make the process of completing it more efficient. [image: A screenshot of a computer
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[bookmark: _Toc141720605][bookmark: _Toc157461671]Figure 14 – Jira [53]
The example board shows various tickets, illustrating their use. In this example, there is one for a design session, to design the application. Each ticket can also be sub-categorised, the last ticket on the example board is labelled ‘Dev’, this references development-based work. 
A Gantt chart can also be seen below, this displays a roadmap to how the project will be completed. This is subject to change due to unexpected variables that may occur. 
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[bookmark: _Toc141720606][bookmark: _Toc157461672]Figure 15 - Gantt Chart 1
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[bookmark: _Toc141720607][bookmark: _Toc157461673]Figure 16 - Gantt Chart 2
[image: A purple rectangles on a grid

Description automatically generated]
[bookmark: _Toc141720608][bookmark: _Toc157461674]Figure 17 - Gantt Chart 3



4. [bookmark: _Toc157461633]Design and Implementation 
Based upon the research, the intention is to conduct a set of experiments which place LLMs in various areas of Software Development, the reason for this is to gain an understanding of whether LLMs can assist in the development and testing process of an application’s lifecycle. This section will focus on the design of these experiments and the implementations of those experiments. As mentioned in the methodology, there will also be a development aspect to this, as there will be two codebases developed by the researcher for the experiment. These will be a React-based User Interface, and the latter will be a Ruby-based console application. Through completing experiments, there will be evidence towards whether LLMs are at the stage now that they can be a genuine asset to the Software Development industry. For an experiment to be performed, it must be carefully thought out, and designed so that it can collect data in a formed and controlled manner. This section will discuss the experiment’s implementation. The project will conduct four individual experiments, these will cover various areas to emphasise the level to which Large Language Models are affecting the software engineering industry. It is imperative that each experiment has a clear justification as to why it is being completed, and what metric can be used to measure the result. The results can then be used to formulate the qualitative data into quantitative data, through visual graphs. Each of the experiments will be performed on three individual LLMs. This will enable a comparison of the strength of the Large Language Models. The research can expand upon why one may be more performant than another, for example, one model may be trained on a better set of data.
To complete these experiments, three LLMs have been chosen. These are:
1. Microsoft’s GitHub Co-Pilot [54]
2. Exafunction’s Codeium [55]
3. OpenAI’s ChatGPT [56]


4.1. [bookmark: _Toc157461634]Design
The experiments will be explained in a context whereby they are reproducible by other researchers. The risk is that Large Language Models have a variation of answers, so the answers would be difficult to produce, even if the prompt was precisely copied. Another limitation is that ChatGPT was model 3.5. This is because version 4 is still based upon a pay for service. 3.5 is a weaker model, but still a popular and widely utilised model. The application succeeded in gaining one million in five days [57].  
Each experiment will have pre-defined criteria for the prompts, and measures in place to understand where the test can be considered a failure. These will help improve the reproducibility of the experiments and the project. Pre-defined prompts will ensure each model has the same question to answer, although the answers and results may differ, this is a measure to achieve a degree of fairness and objectiveness within the study, pre-defined prompts will also enable to remove bias in the data. It wouldn’t be a fair result of the Co-Pilot model received a highly detailed prompt, and ChatGPT was provided with a prompt that was formed of one sentence, pre-designed prompts also mitigate the risk of creating prompts that have leading questions. This also allows a degree of control in the study, as the results could be considered unreliable due to the unpredictable nature of Large Language Models, but it is important to understand that the results may not be predictable, but they have credit in how they can potentially offer insight into ways in which LLMs can be used to speed up an application’s lifecycle. The results are being controlled to the maximum degree in which they can. The experiments also withhold a degree of validity, this is because they are being designed within a controlled environment. The nature of the experiment is also to be objective; this furthers the validity as it is the aim of the experiments to produce results that are free of any potential biases. This increases the quality of the data. They are also valid as they are in line with the second objective of this project, these experiments will cover various stages of an application’s lifecycle. These include, the start of an application, the testing of an application, and extending an application with new features. Another control that will be implemented is each of the experiments will be designed with a further threshold value, if the LLM does not complete the code after the third prompt is provided, the next Class/experiment will be started. This controls the time that is given to each experiment and enables the data to be collected, while progressing through the experiments. 
The experiments will use a pre-defined set of hardware and software:
Hardware:
· A computer/laptop to: 
· Write code.
· Complete research.
· Perform and log the data from the experiments.
· Prepare and write the report.
· A stable wi-fi connection to complete the work. 
Software:
· Ruby is the chosen programming language for two of the experiments [58].
· JavaScript is the chosen programming language for experiment 3 and 4, specifically, the React framework [59]. 
· VSCode and JetBrains IDEs [insert reference]
· IDE Extensions for the designated LLMs. 
· Microsoft Word to design the tables and input the results into. These will be found in the appendix. 
· Microsoft Excel to create a graph based on the results that are produced from the experiments, Excel can successfully create visual charts, this will enable an ease of communication of the results to the reader. 
· GitHub – Version control system to store and work on the code [60]. 
· Google Chrome Developer Tools [61]. 
· NPM [62] – Package Manager
· ES7 React Extension for VSCode [63] – Helpful for React development.



4.2. [bookmark: _Toc157461635]Experiment 1 Design
The first experiment of the dissertation project seeks to answer the following hypothesis:
“Can a Large Language Model Produce High Quality Code?”
The first experiment is designed to enable the opportunity for a LLM to build a full console application. A console application has been chosen due to the scope of the project. Developing a full-stack web application would be an extensive task and would result in the project’s time being utilised unwisely. The aim is to examine the quality of code that Large Language Models can write. This experiment is utilising code quality metrics outlined in section 2.3.4. [34], these are as follows:
· Argument Count - This studies the number of parameters being passed to a function, the concept is that the greater the number, the more the code complexity will increase [34]. 
· Nesting Depth – This metric studies the various control structures within the code, if the If statements, Loops, and Switches become deeply nested, it indicates a higher complexity [34].
· Function Length – This metric analyses the number of lines which a function should have, if the function length goes beyond fifteen lines, it indicates poor maintainability [34].
· Depth of Inheritance – This metric studies the inheritance tree, Inheritance is a concept in software development whereby parent classes, can share functionality with the children classes that ‘inherit’ from them [64] [34], the metric analyses the depth as the a deeper inheritance tree becomes harder to maintain, due to dependence on the parent classes.
Preliminary prompts were completed as part of research, and it was decided that the application chosen for this experiment will be a console application in the Ruby programming language. This will be a Library Tracking System. To control the experiment, the first prompt will be pre-defined. This one is more subjective as it is difficult to know to what level the model will build based upon the first prompt, so the following prompts instantaneously become unpredictable. The first prompt will be:
“Can you write a console app for a library tracking system in Ruby 3.2?”
The second prompt won’t have a specific way in which it will be asked, but the conceptual idea is that it will be prompted to extend the existing solution that it has provided. Furthermore, the third prompt will then provide a set of requirements, for example, being able to save the books to a file, to see how the LLM responds to. The code will then be formally analysed.
To input the results of the experiment, the following table has been initially designed, but the experiment tables are subject to change during implementation as there could be a terser, and concise way to display the data based on the data inputted. For example, the tables could be sub-divided by the metric that they are analysing. The table can be seen below.

	Metric
	Function
	Score

	argument Count
	-
	-

	Nesting Depth
	-
	-

	Function length
	-
	-

	Depth of inheritance (DIT)
	-
	-


[bookmark: _Toc157461696]Table 1 - Experiment 1 Table



4.3. [bookmark: _Toc157461636]Experiment 2 Design
[bookmark: _Hlk156323222]The second experiment is designed from view of a user who has the base knowledge of Ruby. This is to mitigate unnecessary time in prompting the LLMs to assist in setting up the environment, and understanding how to manage dependencies, and how syntax is written. 
The hypothesis for this experiment is as follows:
“How much test coverage can a Large Language Model cover in a selected codebase?”
The aim of this experiment is to address the hypothesis, with an objective study of whether LLMs can assist in improving test coverage. As pointed to in the research, this experiment will utilise JetBrains in built code coverage tool [38]. It can be speculated that the higher the coverage, would increase the probability of the code’s confidence in functioning in the way it was intended. For the experiment, it was designed that 90% code coverage would be classed as sufficient, passing coverage, this number considers the scope for non-testable sections of the codebase, such as variable declarations. To create valid numeric data that could be formalised, a table was designed. 
· Test Coverage – This was the numeric percentage that the tool returned of how much of the class had been tested, utilising the LLMs.
· Tests Passing – This is to understand the exact percentage of tests passing. 
· Difference – To communicate the difference between the passing and failing tests. It is imperative to ensure complete transparency of the results in an understandable format. 
The table can be seen in table two.
	Class
	Test Coverage
	Tests Passing
	Difference

	Bills
	-
	-
	-

	Personal Details
	-
	-
	-

	File Writer
	-
	-
	-

	Utilities
	-
	-
	-

	Menu
	-
	-
	-


[bookmark: _Toc157461697]Table 2 - Experiment 2 Table
To also control the experiment to the maximum extent possible, the prompts were pre-defined with a set of criteria. Ultimately, an LLM doesn’t process a whole answer, they separate an answer into strings and formulate a possible answer based upon what is being asked of them. This is why, criteria were seen as more important over exact questions. It is important to add that further prompts may not always be needed, in the instance the model returns a suitable answer on the first prompt, the second or third will not be needed. 
Initially, the application will be explained, providing the classes, and the main code that enables the app to be run. At the beginning of each LLM cycle with a differentiating LLM, the LLM will be provided with the following prompt to provide a starting context:
“I have written an app, which focuses on tracking expenditure. This is in Ruby. This is the main code [Insert code to run the app]. These are the classes [Insert Class code]”
The following prompts will have similarities to the following questions:
1. “I have set up a spec folder in RSpec so I can write unit tests for my class. I have written a class which focuses on the bill calculations. Can you write me the tests for the class? [Insert Class code].” 
2. “I have the following error codes [Insert Error Codes], the following tests [Insert failing test cases] are failing, can you attempt to fix these based upon the error codes”. 
3. “I still have failing tests [Insert failing code], [Insert error codes], [Re-iterate what needs to be done], one possible reason that a failure could be happening is because of [Insert reason], [Insert a suggested fix].


Code Design
The intention of the codebase is to be a miniature application which will function as a way for a user to store and track their monthly expenditure. 
As stated, Ruby is being utilised for this experiment. It is an Object-Oriented Programming (OOP) language by design. It can also support functional programming, dynamic typing, it can manage its own memory using garbage collection [58]. Garbage collection is the process of a programming language being able to efficiently manage the available memory that is required to perform a specific task. This assists in efficient and scalable applications being built with these types of programming languages, as they can manage the memory effectively as an application increases in size [65]. 
The following diagram was designed to display the Class structure and their corresponding attributes, and methods to visually communicate to the reader the designed system. It is important to confirm that not all features will not be implementable, this is due to natural time constraints on the project. The diagram can be seen below. 
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[bookmark: _Toc157461675]Figure 18 – Bill Calculator Code Design
To continue, the figure above exhibits a group of designed tables for the application for the second experiment – the Bill Calculator. They haven’t been linked via arrows, as the idea within the application is to contain them to maintain them. All the classes will be utilised through one file that will be used as an entry point for the application. This is often referred to as main when discussing console applications. The justification for the classes can be viewed on the following page. 
Bills Class  
 This will have three attributes, these will be to store the bill, the total of the bills at the current point of usage in the application, and the list of bills will be an array which can store the bills. The class will have a variation of functions which will allow the user to interact with the console application. For example, there will be a method which calculates the total of a user’s bills over the course of twelve months.
Personal Details Class
The personal details class is built to store, and process the user’s details, in the initial implementation, it will be interacted with by initializing it through an instance of its class object. The attribute in this class is to store their name, and income. Income is stored to extend functionality of the application; it will allow users to understand how much income they could have left after their monthly bills. The functions will be utilised to process the user input and store them into the class object. 
File Reader, File Saver, and File Writer 
This class is to interact with the file system. This is to be able to store the details of the user’s entries into the application, the intention is to also build the functionality to allow them to store the information and load it directly from a file in the code repository. 
Menu Class
The menu class is a future iteration class, the concept of the Menu class is to separate the code from the entry point file. This will enforce coding standards, such as the separation of concerns. The class would be used to first show the menu to gain the user’s details, before going to the menu which allows interaction with the application.  
Utilities Class
This class is common practice in codebases, the utilities class is utilised to store regularly occurring functionality, these could store common methods, such as a method used to process a user’s input.

4.4. [bookmark: _Toc157461637]Experiment 3 Design
The hypothesis for this experiment is as follows:
“Can an LLM successfully extend an application?”
Experiment three is designed with similarities with experiment one. Firstly, the overall aim is to assess whether a LLM can successfully extend an existing application. In contrast, the first two experiments were designed to build, or test console applications written in the Ruby programming language. This experiment, however, focuses specifically on web applications, with emphasis on building a User Interface (UI), with React. The experiment will entail of two individual features being chosen; these will be communicated with the LLM to study whether the LLM can extend the current functionality of a React UI. These will be assessed using the metrics utilised in the first experiment. Depth of Inheritance (DIT) will not be applied in this experiment. Ultimately, the answer that would need to be answered in addition is:
“Does the feature work successfully?”
React was chosen given its inherent ability to rapidly prototype User Interfaces [66] [67]. This mitigates the risk of an extensive duration of time being spent writing the UI code, thus, controlling time as a varying factor in the experiment. Two features will be developed to extend the application. The following table was designed to log the data collected through this experiment.  
	Feature: Example Feature

	Metric
	Function
	Score

	argument Count
	-
	-

	Nesting Depth
	-
	-

	Function length
	-
	-


[bookmark: _Toc157461698]Table 3 - Experiment 3 Table

The first prompt will be pre-defined for this experiment to, not completely, but with an initial set of criteria to meet in each prompt. This will be difficult to pre-define the following prompts if the first should fail, this is because there is no level of predictability as to whether the model will be able to successfully implement a feature in the response. This removes a level of reliability to the experiment. The initial prompt will be:

“I have built a UI with React, I have the following current features [List features], here is some of my code [Insert code example], I’d like to extend my application with [Insert feature idea]. Can you do this for me? I want my component to be functional, with the possibility of it being reusable being preferred.”
Like the previous experiments, the LLM will also be allocated a threshold number of prompts responses allowed. This is to control the time, but also to ensure the maximum possibility of the experiment remaining fair amongst the LLMs. Thus, removing bias to the extent possible from the collected data. The threshold for this will be three maximum prompts. The next section will show a brief design of the React UI. 
[bookmark: _Toc157461638]React Based Frontend Design
This section displays a base design for the implementation to utilise as inspiration for an application.
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The design of the React UI is basic, this is due because the intention is for each page to stay relatively similar, this is because the components are intended to be built to be reusable.
The top section references the navigation bar, to move between pages. The middle section will store the hero image, the section below that will be links to the other pages in the form of data cards. The bottom section is the footer. 

[bookmark: _Toc157461639]Experiment 4 Design
The hypothesis for this experiment is as follows:
“How much failing code is produced?”
Experiment four is complicated as it is unconventional. Each of the experiments have been designed specifically so they function as their own isolated island. The hypothesis is straightforward, the experiment aims to study how often, and the frequency in which a Large Language Model produces failing code. As the research suggests, if there are low context questions, the LLM would only be able to respond to what they have asked, if a prompt was vague, it can only respond vaguely. This will be avoided not to increase the likely of bad responses, and to remove bias in the data.
The reason the experiment is unconventional is because it will be attached to each experiment. For example, if experiment one was being completed. Whenever a failure occurs, this would be logged in table four, as can be seen below. Followed by the prompts that are required to fix the failing code. The experiment will inherit whichever experiment’s threshold for prompt failures that it is attached to.
There are no variables to control within this experiment as it is an extension of each of the experiments, which have been designed in the designated sections.  
	
	Codebase/Function
	Incorrect Code Count
	Prompts to fix

	1
	-
	-
	-

	
	-
	-
	-

	
	-
	-
	-

	
	-
	-
	-

	
	-
	-
	-


[bookmark: _Toc157461699]Table 4 - Experiment 4 Table


4.5. [bookmark: _Toc157461640]Implementation 
The focal point of this section is to expand and explain the implementation of the designed experiments. This will then allude to important areas, and how the implementation was inspired by the methods of research that were completed. 
[bookmark: _Toc157461641]4.2.1. Experiments
The following LLMs will each be used during the experiments:
1. ChatGPT
2. GitHub Co-Pilot
3. Codeium



4.2.1.1. Experiment 1 - Can a Large Language Model Produce High Quality Code?
Upon the implementation. It was found that to place all the results by code iteration would result in the set of data being increasingly difficult to interpret. The tables were edited to reflect each metric, of each iteration, and sorted into their respective models. An example can be seen below of the table’s pre-population, with example values. Although it was originally designed to use DIT, it was quickly observed that Inheritance wouldn’t have been used without prompting the LLM with leading questions, this would add bias to the data as it forces results into using the depth of inheritance metric. Instead, Function Length, Nesting Depth, and Argument Count were used. Ultimately. As there would be no metric value greater than zero, thus, not producing any results that could be analysed. The only challenge in implementing this experiment was organising the data collection tables. 
[image: ]
[bookmark: _Toc157461676]Figure 19 - Experiment 1 Table Re-Designed



Ruby-Based Console Application (Experiment 2)
The second experiment was implemented as specified in the design section. The tests were prompted to be built by the LLMs, and then the data was logged accordingly.
For the experiment however, a codebase was implemented to complete the experiment, this sub-section will discuss the implementation. The version was used in the project was Ruby 3.0 and above. This was chosen due to familiarity with the language.
An interesting feature from Ruby, is the attribute accessor, this is a Ruby specific feature which creates variables, with read and write capabilities, without having to implement manual getters and setters. This was useful in the development as it enabled a quicker development time, while also enabling the data to be passed through the application. 
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[bookmark: _Toc157461677]Figure 20 - attr_accessor
One Ruby gem that was used was the pry gem [68]. Pry is a library which enables interactive debugging, there were cases whereby the data wasn’t being passed correctly, Pry was used to overcome these challenges. 
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[bookmark: _Toc157461678]Figure 21 - Bills Class Sample
The classes were implemented similarly to the figure above. The functions were preferred to use a parameter, as when utilising RSpec to test the functionality, a value could be passed to the function, which would make the code easier to test. This was designed with the intention of enabling the LLM the highest chance of testing, at minimal, one class of the codebase. 
To simulate the user interface, a switch statement was utilised in the codebase, in the following figure, this can be seen, this enables a user to interact with the codebase, this wasn’t essential to the LLM, but it assisted in manual testing the application to confirm it was operating in the way that was implemented. This was also the entry point file of the application. 
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[bookmark: _Toc157461679]Figure 22 - Case Statement in Ruby



React Based Frontend Implementation (Experiment 3 Codebase)

The chosen application to be implemented was based upon the conceptual idea of a Real Estate Application, where users can view houses. This was a multi-page application and is a pure UI. This meant there was no built backend. Upon reading research by Irudayaraj [69], a Single Page Application was considered, but it was decided to opt to use a React library to implement the multi-page application. The conceptual idea was that if there are more pages, there could be more conceptual features added, which is advantageous for the experiment that utilises the UI. 
For the UI to be developed, a few libraries were utilised. These are located on the open Node Package Manager library. These are, react-router-dom, and react-icons. 
React-Router-Dom is a library which enables efficient routing on the frontend of the application. Its usage can be seen below in the following figure. Routing can be challenging in React, but the router library ensures the ease of transition between pages. 
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[bookmark: _Toc157461680]Figure 23 - React-Router-Dom




It can then be applied in the Navigation bar of the application to create the link between the pages.
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[bookmark: _Toc157461681]Figure 24 - Link (From React-Router-Dom)
The react-icons library was also used to create a design which uses icons to communicate the purposes of the pages. These can also be seen in the above figure, FaHome is an icon that is part of the library. The icons are declared in the same manner that a component is. 
Another thing that was done as part of the implementation, which is intended for usage as part of the project’s experiments. Was to pull the data from a JSON file, the reason this has been implemented this way is because it was less time consuming, and it mocked the concept of the application pulling the data through a RESTful API. 
The system was implemented with pages, and then it utilises reusable components to build that page with content. This can be seen in the following image.
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[bookmark: _Toc157461682]Figure 25 - HeroImage Component
It was implemented with an empty page by design, to allow a space for the LLM to provide code to complete. Experiment three is based upon the idea of extending an application so the UI has been purposefully built with unfinished functionality. 

4.2.1.2. Experiment 4 – How much failing code does a Large Language Model produce?
The hypothesis that was addressed during this experiment was:
“How much failing code is produced?”
Experiment four was implemented in a non-conventional way. Originally, it was designed to use an individual codebase, and log a numeric value, each time a failing response was returned by the model. However, in the implementation, the table that was designed in section 4.4 was used to log all cases of failed responses, and the proceeding prompts that fixed those instances in the experiments. 
Microsoft Excel was used to create the tables, and input the data, and to also create a graph for the data to illustrate the results in a concise manner. This was completed by logging the result of data each time a failing code instance was produced in experiment two, and three. There was no specific configuration for this experiment as it was attached to a pre-configured experiment. 


5. [bookmark: _Toc157461642]Results and Discussion
The results will predominantly display the data collected to assist the reader in understanding the different data collected, the discussion will expand upon the data by attempting to offer insightful conclusions. There will also be links to the research completed in the literature review. This will ultimately raise potential questions, such as: 
The data collected during experiment completion will be displayed in this section of the report. This will display the quantitative data that was collected This section will offer potential insights into the data, while also alluding to any initial conclusions that can be drawn from the data, the two questions that will arise from the data, will be:
· Have the experiments exceeded in answering the hypothesis proposed by each of them?
· Does it align with the intended objectives and overall aim of the project?
The nature of LLMs and the experiment would result that it wouldn’t be simplistic to reproduce the experiment, or to repeat a stage to validate a response, as the same prompt can result in a different response from the LLM. It is vitally important to re-iterate that if a researcher was to attempt to reproduce the research, it could be a different set of data. However, following the pre-defined prompts set out in the experiment design would result in the data being as mirrored as is possible given the unpredictability of Large Language Models.


5.1. [bookmark: _Toc157461643]Experiment 1 Results
The results for the first experiment were wide and varied, due to this, they will be sub-divided by the LLM that was responsible for the response. The figures located in the sub-chapters display the complete set of results that were obtained from completing the experiment, this experiment purely focused on how well LLMs can write code.  The bar graphs in the following sub-chapters represent the code metrics that were identified in the research, and then were clarified for usage in the experiment’s design. These were Argument Count, Nesting Depth, and Function Length. For readability, the labels at the bottom of each graph follow the convention of Class/Function. The experiment had limitations, the DIT (Depth of Inheritance) metric couldn’t be used without using leading questions, this would have caused bias to the data, thus, making them unreliable. 




[bookmark: _Toc157461644]5.4.1. ChatGPT
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The experiment had two iterations. This enabled the researcher to understand how the LLM would interpret and build the initial prompt, and then extend it. As can be seen in the data, ChatGPT didn’t exceed the maximum of the range for any of the chosen metrics. This indicates that it can write clean, and maintainable code. A theme that was noticed was that ChatGPT wouldn’t often include arguments in the functions that it produced. This could indicate a lack of re-usability as the functions would be less generalisable as they would only be used in specific scenarios. The maximum of arguments that were produced was two, and this was in the initialize function, which, in Ruby, is a special method for initializing an object instance of a class. It also only contained the highest nesting depth of two, according to research on the metrics [34], this would indicate that the code is healthier, and would have a greater sense of readability. This is particularly useful for juniors onboarding at a new organisation. Meanwhile, the function length in iteration one, only neared the higher edge of the range on one occasion, but this was because this was the console interface to which a user would interact, this would naturally become a longer function due to it being the way in which the code is interacted with. This could have been divided further to make this function, and therefore more readable. The first iteration’s code suggests strong coding practices/standards, such as KISS [36], due to the length of the function. The second iteration entailed the code that was wrote to extend the present code in the codebase. The second iteration of results produced better results, in terms of the metrics as the functionality was being developed further. The argument count was maintained to be simplistic, with the average argument count totalling one. This indicates a green level, according to the research [34]. This would also make the code more generalisable as the code could be re-used for multiple purposes. The nesting depth, like the first iteration was maintained at with the highest score of two. The function length was overall classified as good, well-written code as it would be in the green classification, however, as can be viewed the main function has now exceeded green, and moved into an amber classification, this indicates that the complexity is growing [34], however, this will understandably grow as the application grows as it is where the menu would be. 
[bookmark: _Toc157461683]Figure 26 - Experiment 1 (Iteration 1) (ChatGPT)
[bookmark: _Toc157461684]Figure 27 - Experiment 1 (Iteration 2) (ChatGPT)

[bookmark: _Toc157461645]5.4.2. Codeium
[bookmark: _Toc157461700]Table 6 - Experiment 1 (Iteration 2) (Codeium)
	Class/Function
	Argument Count

	Library/display_menu
	0
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Description automatically generated][bookmark: _Toc157461685]Figure 28 - Experiment 1 (Iteration 1) (Codeium)


[bookmark: _Toc157461686]Figure 29 - Experiment 1 (Iteration 2) (Codeium)
Codeium was interesting to observe throughout the duration of the experiment. Firstly, it didn’t produce a common interface for a user to use. It exhibited how to use the code using the class objects but had no reference of a technique to allow console application functionality. Like ChatGPT, the numbers suggest that the code written is healthy, strong code as the argument count is low, below the recommended maximum range of four, while having argument counts indicate the code follows the DRY principle [36]. As this would likely be more reusable code. This would suggest well-written code. The nesting depth has a maximum of one, which indicates greater readability. The second iteration of the experiment resulted in an interesting result. It was observed that Codeium didn’t produce a menu for user interaction, this was mentioned in the second prompt and Codeium only extended with that singular function. It didn’t have any arguments, or nesting dept, and seven lines long, this was only to output the potential options to the user, as it then created code, outside of the functions to make the menu. This was an interesting approach as it wasn’t an expected one. The function length remained healthy, as it was in the lower range of the overall green classification. 

5.1.3. [bookmark: _Toc157461646] Co-Pilot
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Description automatically generated][bookmark: _Toc157461687]Figure 30 - Experiment 1 (Iteration 1) (Co-Pilot)





	Class/Function
	Argument Count

	Application/Initialize
	0

	Application/run
	0


[bookmark: _Toc157461688]Figure 31 - Experiment 1 (Iteration 2) (Co-Pilot)
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[bookmark: _Toc157461689]Figure 32 - Experiment 1 (Iteration 2) (Co-Pilot)

Co-Pilot returned a wider varied set of results than Codeium and was closer in likeness to ChatGPT. Interestingly, the argument count in the first iteration didn’t utilize an initialize function, while it also utilised parameters for the other functions that it returned. This indicates good code; it is classified in the green bracket of the classification. This also suggests reusable code, thus following the DRY principle [36], the DRY principle is shortened for Don’t Repeat Yourself, it is a standard amongst the industry that is used to avoid code duplication. Like Codeium, Co-Pilot also didn’t produce a menu to interact with, this trend between the models could suggest that the prompt wasn’t explicitly stated enough. It also retained low nesting depth, which suggests more readable code, and a maximum function length of nine. This is in the lower end of the recommended range of zero, and twenty-nine. This data suggests that Co-Pilot produces well-written, maintainable code. The second iteration of the code was observed with interest, it extended the application to use a menu, but it outputted a new class, which would us an instance of the Library class. These didn’t have any argument count, but it had a menu which was twenty-one lines long, this is edging closer to the max recommended limit of twenty-nine, but it is still considered good, and maintainable code.

5.2. [bookmark: _Toc157461647]Experiment 2 Results
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Description automatically generated]This section displays the results that were obtained through the second experiment. The red, green, and blue colours, represent their respective labels of the data collected. [bookmark: _Toc157461690]Figure 33 - Experiment 2 Results

The figure located above displays the complete set of results obtained from experiment 2, utilizing the three LLMs. As alluded to, this experiment focused on understanding if a LLM can provide test coverage in a chosen codebase. The experiment was important as it aligned with the objectives of the experiment, which was to investigate and understand if LLMs can assist in the testing process of an application. It’s important to note that the experiment has limitations in that it doesn’t test an organization specific test problem, it would enrich the dataset if there were industry standard testing problems included. The data collected from this experiment displays that ChatGPT was the highest performing LLM, this was due to it achieving complete coverage of four of the five classes that were tested, while only failing 7% of the Menu class, this would suggest that ChatGPT is trained strongly on RSpec based data, and automation testing, [bookmark: _Toc157461691]Figure 34 - Experiment 2 Results

a common theme in the data is that the LLMs achieved 100% test coverage within two of the classes, PersonalDetails and Utilities, this indicates that it can test smaller functionalities that are there for convenience of the developer, while the PersonalDetails was built to store functionality that handled user input and adding them to the class object. Another trend in the data is that Co-Pilot and Codeium couldn’t achieve one passing test in the Menu class, this could indicate the Menu being too complex for Co-Pilot and Codeium, this is a positive however as it displays their limitations. Overall, Codeium was the worst performing LLM as it had a low percentage of test passes, it achieved one 100% score in the FileWriter class, while only achieving a highest of 67% overall in the other classes. This could suggest that Codeium hasn’t been trained widely on test code data. The data contradicts the research studied in [43], this is because their test coverage was lower than this study, however, the limitation is that the experiment in the paper was completed on a larger codebase, this suggests that the code in there may have been more complex, indicating reasons for failure. This could also mean that should these experiments be completed on their codebase; the coverage could be lower. Their study also differs from this experiment as the language, and therefore testing framework was different, the LLMs could have less training in Java/JUnit, than they do in Ruby/RSpec. This experiment contributes to the overall objective as it enables an understanding to be built of the ability that the selected LLMs possess when being utilised to assist in writing software test automation. 


5.3. [bookmark: _Toc157461648]Experiment 3 Results

This section displays the results that were obtained from the third experiment. The graph was decided to be the most concise way to communicate the results. 


[bookmark: _Toc157461692]Figure 35 - Experiment 3 Results
The above figure shows the collated results from experiment three. The premise of the experiment was to study whether a Large Language Model can successfully extend an application. This experiment contradicted most of the experiments as overall, the research has studied whether LLMs can assist in the development, and testing processes during the SDLC, and STLC respectively, however, it was seen as valuable as it builds understanding whether they are capable of successfully building a feature. This is because during development sprints, new functionality is how an application becomes richer with features for usage. Due to only one feature being built in the experiment, the results could be grouped into one graph. For clarity, the red is a visual aid to indicate that a failure occurred, and the green visually represents when a test passed. The number on the Y axis represents the iteration that was completed in the experiment. As can be seen by the data, Github’s Co-Pilot was the highest performing Large Language Model from this experiment, it was able to produce a fully functional feature, but also was able to extend this to be styled using CSS. The research suggests that Co-Pilot is the strongest performing when building a new feature, whereas ChatGPT didn’t manage any functional code for this section. This was difficult to understand as the first prompt was the same for each LLM, this included full context of what files were being edited, and details of the feature that was required, this ensured no bias in the data, this suggests that ChatGPT could not respond well when prompted with large levels of information to process and answer. Meanwhile, Codeium initially struggled, while managing to produce a fully functional feature during the third and final try of the experiment. This further clarified how badly ChatGPT performed during this experiment. Due to the popularity of ChatGPT, it was expected that it would always perform the most admirably. These results contradict that and would rank ChatGPT as the last choice when using LLMs. These results do support the overall objectives of the project as it does show how a LLM can help an engineer during the development process. This could be applied to a variety of features, but it is also important to note that this was one example of a feature, but they could also clarify how the feature would work initially. There is a profound potential for expansion and growth. The research showed that there is no clear way to reliably improve the predictability of LLMs [24]. The hypothesis of this experiment was extensively tested by producing three iterations of data. 


5.4. [bookmark: _Toc157461649]Experiment 4 Results
This section displays the results that were obtained from the fourth experiment. These have been collated into one section to avoid repetition. 
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[bookmark: _Toc157461693]Figure 36 - Experiment 4 Results
The above figure shows the overall results for experiment four, as stated in section four, this was implemented as an extension to experiment two and three, by logging the number of times a failure occurred. This was to answer the hypothesis that ponders the question of how much failing code a LLM produces. These were completed on the Mortgage Calculator feature, in the React codebase, and the whole of the Bill Calculator codebase, as alluded to in the previous sections, the codebase wasn’t completed, this resulted in the classes being tested were the ones that were built to the maturity whereby they were testable. The results indicate that, like the previous experiment, that GitHub’s Co-Pilot is the highest performing LLM, this indicates that the LLM has been trained on a diverse and strong set of coding data. According to the Co-Pilot documentation, the model was trained on all languages that are in publicly available GitHub repositories, this would result in languages such as JSX – the language of React, being strongly supported by the model [70], this could suggest a reason as to why the model completed the React functionality without an incorrect code count. There are various correlations in the data that can be understood through the graph. Firstly, the graph indicates that Codeium was the least successful, this is because it needed to be further prompted to complete a given task for each of the Classes/Functions that it was prompted to assist with. A common theme in the data is that the Menu class of the Bill Calculator could not be successfully tested, this suggests the code wasn’t simple enough to test, it is important to clarify that the Menu class was an experimental one for future improvements to the codebase, meaning the failing tests could have been a byproduct of a class that wasn’t refactored, improved and written in a more professional manner. However, the data also shows that Co-Pilot and ChatGPT being presented as having no problems with testing the PersonalDetails class. While ChatGPT had no problems with testing the Bills class, the other two models had failed attempts, this could indicate that ChatGPT is stronger with numeric data type-based functionality. The Utils class was a successful class to test overall, however, the data Co-Pilot as being the most successful as it tested it with a smaller amount of incorrect code and further prompts to fix the incorrect code. Co-Pilot was also more successful testing the FileWriter class, the data suggests that Co-Pilot has also had extensive test on Ruby code, with the RSpec Unit testing framework. 

6. [bookmark: _Toc157461650]Conclusion
The research set objectives to achieve a set of results to answer hypotheses. Objective one could be classified as successful, although it was challenging to discover, and furthermore to trust, as the sources were highly varied. However, it was useful to build a base of knowledge to base the experiments from. This allowed the second, third, and fourth objectives to be met. A set of experiments were implemented to understand the impact it could have on different aspects of the SDLC. 
These covered aspects of beginning a development project, extending functionality, and testing code through an automation framework. The research also clearly suggests that they can write quality code, which suggests that it has been trained on code of a strong quality, each of the models rarely exceeded the green classification metric ranges, unless there was an understandable reason, furthermore, the code metrics can be used to confirm the strong code standards that are present in the code, such as DRY, and KISS. The results showed that Co-Pilot had the best results from the three models that were used, during the first experiment, it was interesting that the three LLMs produced three different approaches on the second iteration, Codeium opted to produce one more function, and kept the code outside of the functions, while Co-Pilot opted to create a new class to run the application. While ChatGPT, extended it further as it built a menu from the initial prompt. This shows the unpredictable nature of LLMs as the initial prompts for each experiment were identical, and where possible, the three prompts were identical for the three chosen LLMs. This was a way to add a safety net to verify the results, however, with the randomised responses, it makes the research difficult to duplicate. It could be observed that each of the LLMs do produce failing code on occasion, this could suggest that the prompt may not have been detailed or that the LLM didn’t have the knowledge on how to fix that problem. However, the research does suggest that ChatGPT is a stronger model for testing code, through automation, it had the best results from the three LLMs, with it achieving the best test coverage, and the best percentage of passing tests. It is clear to say that Codeium was the weakest performing of the Large Language Models. It is important to note that Codeium is relatively unknown in comparison to OpenAI, and GitHub, this indicates that there is a vaster sum of funding being invested into Co-Pilot, and ChatGPT, Bowman suggested in his research paper that higher investments will naturally lead to a higher level of success [24]. One bonus advantage to both Codeium and Co-Pilot, however, was that they both possessed an in-built IDE extension for usage, this enables more efficient development as a developer isn’t required to leave their workspace to ask a question to a Large Language Model. 
To conclude, The research was extensive, but the field is truthfully very new, this creates gaps in the literature which makes the research less verifiable. For example, a research paper referencing failing code wasn’t discovered during the review of the existing literature, this could be due to various factors, a clear explanation is the technology hasn’t matured at this stage, so the research isn’t at the level that other fields of Computer Science are at, such as Cloud Engineering. This creates a gap in the literature; however, this research can expand the current research available. A paper discussing the quality of code was also not present in the research, this paper could contribute to this area, and be utilised to expand the existing research completed in this. 
Finally, to conclude on the aim of the project, LLMs can be utilised as a tool to have a positive impact on the SDLC. Adoption of the technology should be approached with caution however, as it is a new area, the responses are not consistently correct, and without correct context, the response will decrease in quality. LLMs do not feel ready at this stage, due to the size of the field, and how much work there is still to be clearly completed within it, such as areas of security concern. It is also expected that it wouldn’t be skilled with organisation specific problems. For example, if an organisation asked a question based on one of their codebases, they would require context of any services that codebase is connected to, infrastructure and how that codebase is designed, and implemented. This would be time consuming, and therefore, slow down development and testing times. However, the work is being completed in the industry at a rapid pace on the technology so they can increase in quality over time. 






6.1. [bookmark: _Toc157461651]Suggestions for Further Avenues of Research 
The focal point of chapter 6.1 is to subjectively understand whether there were any further avenues in which the project could have explored. This also enables the reader to see the ways in which the research could be extended if the time was available for expansion. If applicable, the recommendations will be further validated with research that has been done in the respective fields.
The first of the recommended further avenues for the project would be to expand the application to utilise an Application Programming Interface (API). API’s themselves are highly complex, as an overview, they are an application layer between the frontend and the database, allowing seamless interaction, and data exchange [71], they also assist in abstracting from writing native database queries. They can be developed to suit any application. This could be applied in an experimental setting by designing an experiment which mirrors experiment two, by utilising a selection of LLMs, pre-defining the prompts and gaining insight from the LLM by prompting it to write a suite of automation tests that test the API. The conceptual idea is that these would have a higher degree of complexity than writing Unit Tests for a selected codebase. This would apply a certain level of pressure on the LLM, which enhances the results as it would be applying knowledge at a lower level of an application. This is because the testing being performed is checking whether the data can transfer between the layers of the application successfully [71]. Ultimately, automation testing is vitally important to ensure the long-term maintenance of the software product. The scale to which an API is being tested is dependent on the size of the API itself. However, automation test suites are built to cover scenarios that are expected, unexpected, and rare instances, otherwise known as ‘edge cases’ [71]. The specific areas of testing needed for an API could include error handling, and response and request validation. Response testing could ensure that the API can respond correctly with the accurate response. For example, if the response was successful, a status code of ‘200’ would be returned to indicate it is okay [71] [72]. The volume of status codes concludes that an LLM could be a strong prospect for what would be a tedious file of tests to write. The following figure shows an LLM illustrating a code file of response code-based functionality, and the corresponding unit test code, in Ruby, and RSpec. 
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[bookmark: _Toc157461694]Figure 37 - API Development and Testing
The code displayed could be viewed as tedious, and time consuming, with an LLM, this can be achieved in two prompts. However, it is important to note that the code in the above figure hasn’t been used to know if it is fully functional, but this is an example of how powerful LLMs are, even in their infancy. 
The second recommendation for the project would be to expand the existing set of results by expanding the number of LLMs that are utilised during data collection, to do this, two more would be chosen alongside the existing three of Codeium, ChatGPT, and Co-Pilot, these would be Cody, and Google’s Bard , and Cody [73] was developed by a company known as Sourcegraph [74]. As a company, they focus on tools to improve the developer experience. Google’s Bard has the foundation of functionality that is common amongst LLMs. A human interactable interface which can answer questions on a wide range of subject areas. Bard was started as an experiment for Google to experiment with Generative AI, however, they iterated and enhanced it to become the product that is present currently [75]. The way in these two would be used would be by attaching them to the current experiments, this would result in five LLMs being utilised to complete experiments with to collect data. The reason why this has been suggested to extend the research is because it would form a richer set of results, these could ultimately improve the strength of the research, thus, further improving the strength of the information provided to understand whether LLMs should or should not be adopted by the industry. It is important to note however that there has been no experimentation completed with either Cody, or Bard so it is not understood whether they are strong choices to utilise for experimentation, the nature of LLMs would suggest that they would be unpredictable. 
The last suggestion for the research is to extend the existing set of experiments to create a stronger, richer set of results. If there was extended time, experiment one would be extended to increase the number of iterations that were completed in the development of the console application, this could be extended to increase the information in one singular prompt to understand at what precise the point the LLMs begin to struggle when assisting users with software engineering related problems. It could also be extended to provide a list of requirements to understand the level in which it can process the requirements and return the required functionality. Experiment two would be extended by building further functionality into the codebase, this would increase the complexity of the testing suite that the LLM would be required to produce. This would enable further stress to be placed upon the LLM, and it would also conclude the depth of understanding which the LLM has of a selected framework. This would also enable a larger test suite to perform the experiments on. The third experiment, which focused on building functional features, could be extending by increasing the number of the features being built. This could also increase the size of the feature, such as building a page, which included an interactive, responsive photo gallery. The reason for this is to further pressure the LLM to build something which entails a higher level of complexity, as it would have to write code to manage the state of the gallery, the animation of the moving gallery, ensuring the images were correctly rendering, while also ensuring it is responsive to a selection of screen sizes. This would help to understand whether Large Language Models can build larger components of functionality.
This section has suggested three ways in which the research could have been extended, the predominant factor for these suggestions not being achievable was time restrictions. This would be completed if the time was available. The final written section will focus on the reflection of the project. 


7. [bookmark: _Toc157461652]Reflection
The final section of the report will reflect on the project’s process and completion. This is important as it furthers the understanding of what has been learnt and what could be improved upon. This also reviews the overall project to understand how successful it was. 
I think the project was extremely challenging, I have never had a full-time job prior to participating in this master’s course. Attempting to manage the two amongst my other commitments was very difficult. My job is also as a Software Engineer, this is also quite intense naturally, this also causes tiredness, which would lead to not completing work each night. If I could attempt to complete this project again, I would design a more rigorous Gantt chart to follow concisely. I would also print out a version of this Gantt chart to ensure that I follow it with closer attention. This Gantt chart would include durations of time, which would consider time for work commitments, and time for personal life commitments. These unpredicted variables were something that wasn’t foreseen when writing the proposal for the project.  
One thing I would also like to have improved the Bill Calculator if I had the opportunity, I think it wasn’t iterated over to an extent that I was happy about, I would have liked to fully integrate the file interaction classes, and I would have liked to complete the menu class to enforce better coding standards, and to also refactor the codebase so it is of a better standard. 
I think if the chance presented itself again, I would have picked a subject area that is more matured, I think the Large Language Model space is very new, therefore it presented challenges. For example, beyond the methods that I used to control the outputs, and the verification, it was challenging to verify the research because they emerged as of last year so there isn’t enough time to produce reliable, and trustable research. Also, researchers have not figured out how the outputs can be controlled and therefore, it results in the results produced losing a part of their credibility. If there was a further opportunity, I would complete the project within a subject that I regularly participate in my role, such as software automation testing, this was the original intention, but the project’s scope expanded and became about the software development and testing process, this removed the focus that was intended in the software automation space. It did build further interest in other areas however, such as code analysis. I would also complete the project that is closer to what I do in my role as that knowledge would have ensured that it would have been useful in the project’s completion. I would complete a project solely focused on software testing and automation if the opportunity was to be presented again. 
I would also have liked to complete a greater depth of research, while my references are of a decent value, I still feel they could be more extensive. This would give the opportunity for more in-depth analysis. I believe due to the time restrictions, I may have potentially rushed the research so I could focus on completing the sections that I felt needed prioritising, such as chapter four, five, and six. If I was to complete this again, I would ensure I use a month of the project purely for research, as I feel developing two codebases also may have hindered that section as I was focusing on the development of those two codebases. I found the research for LLMs was difficult to understand but the quality research papers were also difficult to locate, as it is a new field, it seems that they are being published rapidly to build understanding in the space, but I feel the quality isn’t trustable at this stage. Another area I would have liked to explore, is the ethical side of AI and the implications that these technologies could have on several industries. 
One positive from the project was having the ability to use the coding languages that I was familiar with through work, and personal projects. This helped cut time by a small fraction during development. 
In conclusion, this section has reflected upon the project, this has enabled reflection to be done to understand what areas of the project could have been improved upon. If these could all be expanded upon, the overall quality of the project would be increased to a higher standard.
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	Experiment
	How will it be assessed?
	How can the experiment be measured?

	Can a Large Language Model Produce High Quality Code?
	For this test, I will be using the LLMs to produce a console app, I can use the produced code to then measure with the chosen metrics. 
	Provisionally, this experiment will be measured by using a similar set of metrics to the StepSize Tech Debt Tracker. 
The following metrics will be used: 
4. Argument Count Ranges (more than 3 is bad)
5. Nesting Depth (4 Levels is bad)
6. Function Length – Using the Colour System
7. Depth of Inheritance (if applicable) [76] (How long is the inheritance tree?)

	

DVLA-based Experiment
	The tests will discover whether an LLM can write Gherkin, Cucumber, Capybara, and Ruby based test code. 
The codebase will be a DVLA specific repository that the tests will be completed on. 

I will use a codebase from the DVLA squad and try and complete a ticket of work. 
	

Provisionally, this experiment will be measured by creating a metric system to assess the code, based on a score between one and five.

Measured through the number of further times the model needs to be prompted to write a passing and DVLA standard test. Talk of the standards in the case study.

	How much failing code is produced?
	This one can be assessed on the number of times in which it takes, using the following metrics. 
· How many times does an answer need to be edited to work?
· How many further prompts are needed to improve the answer?
I will use the existing web frontend I built to be used for the dissertation for this one. 

	This one is quantifiable, due to numbers being used to assess the number of times that failing code is produced. After the fifth try, the test will be deemed a failure, and logged accordingly. 
Each failing set of code will be logged as one try. 

	How much test coverage can an LLM provide?
	The following question will assess the following area.
· How much test coverage can a Large Language Model cover in a selected codebase?
The codebase used will be a small console application developed to calculate monthly expenditure.
I will write this console app code 
	This one will be assessed using Integrated Development Environment tools. JetBrains based IDEs can analyse the total test coverage that has been completed [38], and can produce a corresponding report to analyse and formalise [39]. This is presented in the form of a percentage. For this experiment, a codebase will be supplied to an LLM, which can then write the necessary testing code. 
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Kieranyres
class PersonalDetails

attr_accessor :first_name,
4 Codeium: Refactor Explain Docstring

Kieranyres
def initializeffirst_name, lost_nane, incomef] - void
@first_name = first_name
@last_name = last_name
@incone = incone
end

ast_nane, :income
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def initiolize(bill, bill_total, list_of bills) -void
@11l = bill # Bills will always start at 0, until ossigned, and will be a float
@bill_total = bill_total
# instantiated os an array to list the bills
@list_of_bills = list_of_bills
end

4 Codeium: Refactor Explain

# named parameters are better

* Kieranyres

def add_bill(bill_name:, bill_price:)
# bill is the individual bill added
# it starts ot 0 as you add the price based on user entry
@0ill += bill_price
# output the bill name and price
puts "#{bill_nane}: £#{bill_price} added!"

end

4 Codeium: Refactor Explain Docstring
Geranhyres
def remove_bill(bill_name:, bill_price:)
@bill -= bill_price
puts "#{bill_nane}: £#{bill_price} removed!"
end

4 Codeium: Refactor Explain Docstring

* Kieranyres

def add_to_bill_total(bill_price)
# Have to get the total from another file at this point
@bill_total += bill_price
puts 'Added To Bill Total'
puts "Total is £#{@bill_total}"

end
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Toop do

puts 'This is your Personal Expenditure Tracker

puts
puts
puts
puts
puts
puts
puts
puts
puts

‘Choose an option from the following list'

1.
‘2.
‘3.
‘4.
‘5.
‘6.
‘7.
‘8.

choice

Add a Bill'

Remove a Bill'

6et your total expenditure’

See total cost of your bills for the year'

List your Bills'

See what money you have left at the end of each month'
save all currently added Bills'

Load the currently saved Bills'

utils.get_user_input.to_i

choice

1

puts "Wnat's the Bill you want to add? e.g. Water”
bill_name = utils.get_user_input
puts "How nuch does the BILL cost?
bill_price = utils.get_user_input.to_f
bill_caloulator.add_bill(bill_name:, bill_price:
bil1_caloulator.add_to_bill_total(bill_price)
bIlL_list = bill_list.append(bill_nane, ':', bill_price)
ihen 2

puts "What's the Bill you want to remove? e.g. phone"

bill_name = utils.get_user.

nput

puts 'How much does the Bill cost?
bill_price = utils.get_user_input.to_f

bill_caleulator.remove_bill(bill_nam

1, bill price:)

bill_calculator.remove_from_bill_total(bill_price)
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> import {BrowserRouter as Router, Routes, Route} from 'react-router-dom’ -

Complexity s 15 You must be kidding | Codeium: Refactor | Explain | Generate JSDoc | X
function App() { M
return (
<Router>
<div classhame={appLayout}>
<NavBar> </NavBar>
<Routes>
<Route exact path:
<Route exact pat}
<Route exact pat}
<Route exact path:
</Routes>

/" element={<Home />}></Route>
/calculator” element={<MHortgageCalculator />}></Routes
/houses” element={<Houses />}></Route>
/findus” element={<FindUS />}></Route>

<Footer />
</div>
</Router>
e
¥
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const NavBar = () => { W
return (
<
<div classhame="navBar">
<div classhane="logo">
<Link classhane:

<Fatome classham alt="logo" />
</Links

</div>

<ul classhame="nav-iten">
<1i>

<Link className="1ink" to="/">
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import React from ‘react’

Complexity s 4 Everything i cool! | Codeium: Refactor | Expain | Generate JSDoc | X
export default function HeroImage({image}) { Ml

return (
<div classhame="hero-inage">
<img src={image} alt ='hero’/>
</divs
)
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Co-Pilot

Experiment CodeBsseiClass Insorect Code Cour Prompts ToFix
2 BilCsloulstorBill 2 2
2 BilCdevlatorMin 3 3
2 BilCslovlstorPerzonaiDetaiz 0 0
2 BilCsdovistorLkis 1 1
2 BilCsloulstorFiebrter 0 0
3 RealEstateAppiMongageCaloulator 0 0

Codsium

Experiment CodeBseiClass Insorect Code Cour Prompts ToFix
2 BilCsloulstorBill 3 2
2 BilCdevlatorMin 3 3
2 BilCslovlstorPerzonaiDetaiz 3 2
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2 BilCsloulstorFiebrter 1 1
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ChatgPT
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2 BilCdevlatorMin 3 3
2 BilCslovlstorPerzonaiDetaiz 0 0
2 BilCsdovistorLkis 2 2
2 BilCsloulstorFiebrter 1 1
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