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Technical debt (TD) is a persistent challenge in software engineering. It impacts
long-term maintenance, reliability and security of the software as well as developer
productivity. Many static analysis tools can identify debt, but taking actions, es-
pecially on the large scale, often requires a lot of work. This thesis explores how
Large Language Model (LLM)-powered AI systems can automatically fix technical
debt in real-world software.
This study investigates the application of AI-assisted tools in improving the main-
tainability of modern web applications. Using a case study of a progressive web app
with identified technical debt, the project involved automated analysis using static
code analyzer and security code scanner to detect code quality issues such as code
smells, bugs and security vulnerabilities. The collected insights were then used in
LLM-powered agentic AI to assess the effectiveness in remediating those issues.
Empirical results show that AI resolved approximately 90% issues, significantly im-
proving the maintainability index of the project, by reducing code smells and bugs,
and improving security vulnerabilities. However, the AI faced challenges in solving
complexities requiring architectural decision and human validation. The study also
show that it is possible to integrate diagnostic tools and AI agents into a continuous
maintenance process.
This thesis offers a methodology for automated repayment of technical debt. It
provides a critical assessment of AI tools capabilities in software maintenance and
a better understanding of sustainable development practices with smart tooling. It
concludes that while full autonomy is not yet possible, but LLM-powered tools are
a promising step toward more effective and efficient technical debt management and
repayment.

Keywords: technical debt, software maintainability, agentic AI, LLMs, SonarQube,
Snyk, Cursor, Claude Sonnet, automation, software quality, AI-powered remedia-
tion
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1 Introduction

1.1 Background and Motivation

As software systems evolve over time, they often gather hidden cost in the form

of technical debt. This term describes the long-term effects of poor or hurried

development decisions which arise from low code quality, delayed testing, poor doc-

umentation or outdated dependencies. These practices make the software harder to

maintain, less reliable, and more expensive to update. Though these kind of deci-

sions may meet short-term business goals, they usually harm software maintenance,

create security risks, and increase the cost and complexity even for small future

updates.

It becomes essential to address technical debt since it consumes a significant

portion of developer’s time [1] and costs trillions of dollars annually [2]. Although

previous researches has introduced rich classification and types of technical debt,

there is still a significant gap in practical solutions to remediate technical debt. In

recent years, AI-powered tools have shown promising results not only in detecting

technical issues but also possibly in fixing them [3], [4], [5].

This thesis aims to explore whether these emerging AI tools can effectively help

with technical debt remediation, especially when combined with static code analysis

and security scanning tools commonly used in software engineering.
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1.2 Problem Statement

Software development practices lack effective and automated ways to address tech-

nical debt once it is identified, creating a significant gap in current tooling and

workflows [6]. Even though tools like SonarQube and Snyk are widely used to find

code smells, bugs and vulnerabilities, the remediation process is still manual. This

process is time consuming and depends on the availability and skill of developers.

The fast paced advancements of tools, libraries and frameworks also create addi-

tional challenges particularly in the long-term sustainability and maintainability of

the software systems. The issue is particularly evident in the real-world case study

examined in this thesis, where an existing system had to be redeveloped due to

outdated and unmaintained dependencies, and obsolete architecture which are clear

signs of technical debt.

While most of the existing research work focuses on exploring the causes and

impact of the technical debt, there is a lack of practical guidance on leveraging

modern tools to generate actionable insights and address maintainability challenges

effectively.

1.3 Research Objective

The objective of this research is to contribute to the field of sustainable software

development specifically around technical debt, and usage of AI tools in the software

development life cycle process, by analyzing real-world case study. The goal is to

understand and examine how technical debt is introduced, how it can be assessed us-

ing modern tools, and how AI-driven approaches, specifically LLM-powered agentic

tools, can be utilized to remediate these issues practically.

Though significant research work has been done in classifying and identifying

technical debt, there is still a gap to explore automated and AI-driven remediation of
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technical debt. This thesis tries to fill that gap by conducting a structured evaluation

of AI-driven technical debt repayment on a real-world project with industry-used

tools.

1.4 Research Questions

The goal of this thesis is to answer following research questions:

RQ1. What development practices contribute to the accumulation of technical debt

in software systems?

RQ2. What strategies can be employed to help reduce long-term maintainability

issues in real-world systems?

RQ3. How available modern tools can be utilized for technical debt assessment to

provide analysis about maintainability, reliability and security of a software?

RQ4. How effective is an LLM-powered agentic AI in remediating technical debt

issues identified by static code analysis and security scanning tools in software

systems, in terms of resolution rate and accuracy?

The scope of this study is constrained by the chosen methodology and context.

This research specifically focuses on Flavoria’s system as a case study and thus

limits the generalization of findings to the software systems with the similar charac-

teristics. Though the analysis in this study explore the key development practices

that contribute to technical debt, but it does not cover broader organizational and

cultural influences. This thesis leaves the opportunities for conducting the future

research to expand the findings to larger systems and validate the long-term impact

of the usage of modern AI-driven technical debt assessment and management tools.
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1.5 Contribution

This thesis makes the following contributions:

1. It investigates common development practices that lead to the accumulation

of technical debt, using both literature and a real-world case study.

2. It evaluates how modern code analysis tools (SonarQube and Snyk) can sup-

port technical debt assessment and offer insight into code maintainability and

security.

3. It provides a structured methodology to apply and assess the remediation

capabilities of LLM-powered agentic AI (Claude Sonnet 4 via Cursor Pro) on

a real-world codebase.

4. It offers a critical analysis of remediation outcomes, including resolution rates,

false positives, and quality metrics, to determine the effectiveness of AI-driven

maintainability strategies.

1.6 Thesis Structure

The thesis is structured as follows: Chapter 2 introduces concept of technical debt,

its classification, types, causes and its impacts. It also discusses AI’s role in software

engineering and identifies research gap that this thesis aims to address. Chapter 3

presents modern available tools that can be used to identify and assess technical

debt in a software system. Chapter 4 describes the methodology of experimental

design, including the selection of the MyFlavoria codebase, data collection process,

issues extraction from tools, and the agentic AI-based remediation process using

Cursor Pro with Claude Sonnet 4. Chapter 5 reports the outcomes of the remedi-

ation experiment, including quantitative metrics such as issue resolution rate and

insights about false positives and code quality improvements. Chapter 6 interprets
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the results in the context of technical debt remediation strategies while addressing

the research questions, identifies study limitations, discusses the implications for

sustainable software maintenance and proposes directions for future research in AI-

driven technical debt management. Chapter 7 summarizes the main findings and

contributions of the thesis, outlining how the proposed approach supports technical

debt management and its relevance to both research and practice. This is followed

by an appendix that includes the source code used during the process.

1.7 Declaration on the Use of Generative AI

I hereby declare that I have used ChatGPT by OpenAI solely for the purpose of

sentence structure refinement and grammar correction to enhance the clarity and

readability of the text. All research design, implementation, analysis and results

presented are entirely my own.



2 Background and Related Work

2.1 Overview of Technical Debt

Technical debt is a metaphor term which was first coined by Ward Cunningham

in his technical report about the WyCash portfolio management system, where he

stated that "shipping first time is like going into debt. The danger occurs when

the debt is not paid. Every minute spent on not-quite-right code counts as interest

on that debt" [7]. To introduce this concept, Ward Cunningham actually drawn

a comparison between writing immature code and making an inflexible product,

resulting in technical debt. In his report, he mentioned that writing immature or

incomplete code may adequately perform well and meet customer expectations in

the short-term, but having more of it could make the product unmanageable, which

eventually results in a rigid product. He wanted to draw attention to the sensitivity

of this matter to the software engineering organizations, and that’s why the "debt"

word came in to do this job.

Over time, this metaphor has evolved, and many modern perspectives on the

technical debt has been developed by the collaborative efforts of the software en-

gineering community. One notable example is the Dagstuhl Seminar 16162, titled

Managing Technical Debt in Software Engineering [8], where researchers and practi-

tioners gathered together to define and conceptualize the technical debt. According

to the report from the seminar, technical debt is defined as: "In software-intensive
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systems, technical debt is a collection of design or implementation constructs that

are expedient in the short term, but set up a technical context that can make future

changes more costly or impossible. Technical debt presents an actual or contingent

liability whose impact is limited to internal system qualities, primarily maintain-

ability and evolvability" [8].

2.1.1 Classification of Technical Debt

After Ward Cunningham introduced the term "technical debt", it has become a

widely researched topic [9], [10]. For classification of technical debt, many experts

deep dived to understand this phenomenon and to create a classification frame-

work. Prominent researchers like Steve McConnell and Martin Fowler started an-

alyzing technical debt and categorized it’s types by examining the reasons behind

its creation. Another researcher, Philippe Kruchten, took a different approach by

classifying technical debt types based on their level of detail and complexity.

2.1.1.1 McConnell’s Debt Classification

Steve McConnell published a white paper on Managing Technical Debt which offers

a comprehensive exploration of the technical debt, where he categorized it into two

primary types: unintentional and intentional debt [11].

Unintentional debt is a debt which incurs due to low quality work, poor devel-

opment practices, errors or lack of expertise, as a result of non-strategic decisions.

For example, a junior software engineer may write inefficient or unstructured code

because of limited experience, which creates a system that is harder to maintain

or extend further. On the other hand, Intentional Debt is the debt which arises

intentionally as a result of strategic decisions to meet immediate goals, such as ship-

ping a product faster or saving the costs. For example, a startup which is building a

MVP (Minimum Viable Product) may skip writing unit tests to launch the product
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Figure 2.1: Steve McConnell’s Technical Debt Classification [11]

quickly. The team knows that this decision could lead to maintenance issues in fu-

ture if not fixed, but they somehow tends to prioritize their strategic decisions to get

the product into the market as soon as possible, either to gain interaction or secure

any funding. This further categorized into short-term debt, typically incurred

tactically to meet earlier deadlines but often planned to be addressed in the next

release cycle or soon after, and long-term debt, which is adopted strategically

to achieve broader goals over extended timeline of few years or longer. Further-

more, short-term debt is divided into focused and unfocused types. Focused

Short-Term Debt is due to well defined and specific shortcuts that are easy to

track and manage. For example, during a critical/urgent release, a company might

miss adding the internalization support in the product, which is easily track-able

and can be addressed in the next release. While Unfocused Short-Term Debt

arises due to minor inefficiencies such as skipping code reviews, inconsistent naming

conventions or ignoring best practices under urgent deadlines. These small actions

accumulate into massive technical debt that is difficult to identify and fix over time.

McConnell suggested that by focusing on structured decision making about how
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and when to incur and address technical debt, and transparent debt tracking either

by adding the debt as issues in the defect tracking system with required effort and

schedule, or even by maintaining the list of technical debt issues as part of the Scrum

backlog, can help companies to reduce the debt across product release cycles.

2.1.1.2 Fowler’s Debt Perspective

Martin Fowler’s expands the concept of technical debt by introducing a technical

debt quadrant [12] as shown in Figure 2.2. Fowler classifies the debt based on

the intent: Deliberate and Inadvertent, and context: Reckless and Prudent. This

framework helps in understanding the nature and implications of different types of

technical debt.

Reckless-Deliberate debt refers to the intentional shortcuts that teams know-

ingly take in a fully aware situation that they are compromising the quality of the

code for speed without regard for long-term consequences. Developers choose "quick

and dirty" solution to meet a tight deadline, for example, skipping automated test-

ing to accelerate the feature delivery despite awareness of associated risks. This

debt often incurs in toxic culture organizations where due to scheduling pressure,

speed is prioritized over quality, which leads to the long-term system fragility [13].

Reckless-Inadvertent debt is accumulated due to the negligence or lack of

awareness, without realizing the long-term consequences. For example, a messy code

produced by a junior developer without mentor-ship which is then complimented by

no code reviews.

Prudent-Deliberate debt is incurred consciously by teams to meet immediate

goals, understanding the trade-offs, but also with explicit plans for repayment in

the next sprint of the product release. For example, a startup implemented hard-

coded values to release their MVP to meet investors deadline, with clean plan for

refactoring those in next release. This is a strategic move when time to market is



2.1 OVERVIEW OF TECHNICAL DEBT 10

Figure 2.2: Fowler’s Technical Debt Quadrant [12]

essential [13].

Prudent-Inadvertent debt arises when teams despite their best efforts, dis-

cover better design practices after implementation due to unforeseen gaps in their

knowledge. For example, a team using monolithic architecture due to inexperience

with micro-frontend architecture, later realizes that the initial design could be im-

proved. This kind of debt is common and often inevitable because understanding

deepens over time.

2.1.1.3 Kruchten’s Granularity Analysis

Philippe Kruchten introduces the technical debt landscape which is a framework that

broadens the understanding of technical debt by categorizing it based on visibility

and granularity [13]. He distinguished technical debt from defects or unimplemented

features/requirements, by focusing on aspects that are primarily invisible to end-

users but significantly impact the development team’s efficiency and the system’s
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Figure 2.3: Kruchten’s Technical Debt Landscape [13]

maintainability.

As shown in Figure 2.3, visible debt includes issues that apparent to customers

or users, such as defects or missing features. However, Kruchten emphasized that

these should not be classified as technical debt, as doing this would dilute the actual

metaphor. While invisible debt includes internal issues that are not immediately

evident to users but actually affects the development processes, such as convoluted

code structures or architectural debt.

Kruchten further classified the invisible debt based on the granularity level: code-

level debt and architectural debt. Code-level debt refers to the fine-grained issues

within the source code of a software, such as violation of coding standards etc.

This debt deteriorates the system’s maintainability which makes future modifica-

tions more difficult. But with the help of various code analyzer tools [14], [15], these

issues now can be identified and addressed more effectively. While architectural

debt refers to coarse-grained issues related to design decisions such as the selection

of technologies, platforms or architectural patterns. Accumulating this level of debt

hinders the system’s evolvability, which makes it difficult to adapt to new require-

ments and integrate emerging technologies. Unlike code-level debt, architectural

debt is less detectable by automated tools and often requires thorough reviews to

identify and mitigate.
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Kruchten also highlighted that some debt arises due to changes in external en-

vironment such as technological advancements or shift in market demands. For in-

stance, a system built on a technology stack that becomes obsolete incurs technical

debt, as continuing with the outdated technologies may hinder future development

and thus scalability of the software. He refers this to a phenomenon as "technologi-

cal gaps". He emphasized that debt which incurs due to this phenomenon, requires

more forward thinking and attention to mitigate because cost associated to these

forms of debt tend to be significantly higher than those of code-level debts.

2.1.2 Types of Technical Debt

While Cunningham primarily focused on technical debt within the context of the

code, the modern understanding acknowledges that technical debt can be seen across

all aspects of software development [16]. So, understanding the types of the technical

debt is essential to manage and mitigate its impact. The initial version of the types

of technical was proposed in detail by Alves et al. [17] based on the studies until

2013. According to their studies, Technical debt can be categorized into many types

which are presented below:

1. Code Debt: Refers to problems that arise when developers write messy code

which is hard to maintain and affects its readability, for example by violating

the coding standards or best practices. This is not about the functionality,

because the code works, but it so difficult and confusing to make changes in

the future.

2. Architecture Debt: Refers to issues that occurs in the product’s architec-

ture, or when the initial fundamental structure of the product is compromised,

for example by violating the modularity rules that affects the performance or

reliability of the product. Normally this is not something that can be fixed
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with minor modification or with quick code patch, instead this requires a sig-

nificant and extensive development work.

3. Design Debt: Refers to debt which occurs when developers take shortcuts

that violates the good object oriented principles. For example big or tightly

coupled classes where changing one thing could breaks another.

4. Documentation Debt: Refers to debt which builds up when the software

project docs are missing, unclear or outdated. This occurs when developers

do not adequately document their work, and it makes very difficult for other

developers to understand the project.

5. Test Debt: Refers to debt which accumulates when the planned tests are

skipped during the testing activities or the test suite coverage is very low. This

debt occurs when teams in the organization prioritize their time in maintaining

the existing tests instead of generating new ones to ensure that the software

product is functional and bug-free.

6. Defect Debt: Defects that are known and are identified during the testing

activities or by the users, and are logged in the bug tracking system, referred

to Defect debt. These are the known bugs that the teams have decided to fix

them later, but due to resource constraints or other high level priorities, these

defects are pushed back and delayed which results in the accumulation of this

debt and makes it difficult to overcome these issues later.

7. Infrastructure Debt: Refers to the debt which builds up when necessary

fixes or updates are delayed in the infrastructure. These infrastructure prob-

lems in the software organizations obstructs the development activities which

results in limiting the team capabilities to build a high quality product output.

8. Requirements Debt: This debt happens when team takes shortcut in feature
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implementation. This refers to compromises which a development team make

on what and how to implement. For example, you maybe implement only a

part of the feature, or it is developed to work for some of the cases but not

for all, or perhaps you completed the basic requirements of the feature but

did not take into account the requirements which are non-functional such as

security or performance etc.

9. Versioning Debt: Refers to the debt which occurs when the source code

versioning of the software gets messy for example due to the creation of un-

necessary code forks that now need to be maintained separately.

10. Usability Debt: This debt occurs when the teams make poor interface deci-

sions that needs to be fixed later. This can be for example due to ignoring the

basic usability standards or by having inconsistencies in the user interface.

11. People Debt: Refers to debt which occurs when the team’s knowledge or

skills are not properly distributed. For example, when expertise and knowledge

is limited to just few individuals due to delayed hiring or training, it can slow

down or block certain parts of the development.

12. Test Automation Debt: Refers to debt which accumulates when teams keep

putting on automating the tests for the existing features to move forward to

support the continuous integration.

13. Process Debt: This debt happens when teams keep using or following the

outdated or inefficient processes just because "that’s how we have always done

it", or the process that was designed for something might be no longer appli-

cable. For example, it’s like still using the paper forms in this digital era.

14. Build Debt: This debt is what happens when the build process becomes a

mess. Maybe you have got the unnecessary code there which is not contribut-
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ing to any of the functionalities that provide some value to the user, or the

dependencies are so tangled that builds take forever. This makes the build

process unnecessarily slow.

15. Service Debt: This debt is particularly relevant for systems using web ser-

vices. It occurs when you pick the inappropriate or wrong service for your

needs which leads to either waste ( like paying for the resources that are not

required or that you don’t need ) or poor performance. This debt is an ex-

ample of the mismatch between the software application requirements and the

service features.

2.1.3 Causes and Impact on Software Lifecycle

The accumulation of technical debt is a prevalent challenge in modern software

development which emerges as a result of intentional trade-offs and unintentional

negligence made under constraints such as tight deadlines, evolving deadlines or

legacy practices. It originates from combination of human-related and environmental

factors. According to the InsighTD global survey, 653 practitioners from 6 countries

identified deadlines, as shown in Figure 2.4, as the single most cited cause of

technical debt [18][19], where Agile teams often prioritize rapid MVP delivery over

sustainable code quality, with lack of knowledge, inappropriate planning and lack of

qualified professionals as other most cited causes after deadlines. While on the other

hand, delivery delay, as shown in Figure 2.5, is the most cited effect of technical

debt, following low maintainability and rework, among others.

Technical debt in the software lifecycle arises also due to business pressures and

managerial decisions [20]. For example, sometimes companies have limited funds to

implement all required practicalities but the market wants new features or urgent

modifications, which forces them to prioritize features over code quality [20]. In

support of this, an empirical study on technical debt in Finnish SMEs revealed
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Figure 2.4: 10 most frequently reported causes of TD [19]

that the tight budgets, time constraints, and challenges with effort estimation are

the top reasons that frequently contribute to the technical debt accumulation [21].

The study revealed that the problems such as insufficient test automation as well as

inadequate early validation of requirements can result in high levels of debt in testing

and requirements. The authors suggest that early and clear communication with

stakeholders and careful estimations are the necessary measures to avoid these issues

because these strategies helps in learning from the customer feedback and improving

the estimation processes. Another cause of incurring technical debt is the urgency

to release features before competitors, which drives rushed development, which in

turn leads to tight deadlines [20]. It has also seen that accelerating deployments to

get competitive advantages over others also incurs technical debt which significantly

degrades system’s performance over the software life cycle, with 10% increase in

debt, reducing gross profitability by 16%, which is a sign of reduction of long-term

business value [22]. However, with the presence of experienced IT teams and chief

information officer (CIO), these long-term impacts can be partially mitigated [22].

Technical debt, specifically code debt, occurs when software is developed without
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Figure 2.5: 10 most frequently discussed consequences of TD [19]

maintaining or following best coding practices. This debt can build up to the point

where the software becomes difficult to maintain, potentially leading to technical

bankruptcy [23]. And due to this, development process of a software product can

be obstructed and according to Besker et al. [1], 23% of total developer’s time is

wasted due to experiencing the technical debt in the software development life cycle.

According to a research by IBM System Science Institute to find out the relative cost

of fixing code level debt in the SDLC process stages, they found that defects found in

maintenance phase were almost 15 times more costly to fix than in implementation

phase [24]. Figure 2.6 depicts the results.

Technical debt is becoming an increasingly important challenge for businesses

that want to find a balance between innovation and maintainability. A recent report

in 2024, published by Accenture [2], based on the results of global survey of 1500

companies and extensive industry research, provides more in-depth analysis of the

growing impact of the technical debt, particularly in the age of AI. According to the

report, in the US alone, technical debt costs approximately US$2.41 trillion annually

and would require an estimated US$1.52 trillion to remediate this debt. And the
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Figure 2.6: IBM Study: Defect Fixing Costs Throughout the SDLC [24]

factors contributing to this amount of technical debt includes legacy code, outdate

frameworks, and technologies specifically designed for human interactions.

As companies adopt always-on agile IT solutions [2], maintaining a balance be-

tween speed-to-market and development of maintainable software systems is still a

challenging task. Due to organizational pressure and shifting market conditions, IT

leaders tend to prioritize immediate business needs which often results in postponing

essential maintenance or refactoring efforts, which further increases technical debt

over time [2]. The accumulated debt not only slows down feature development and

bug fixes but also drives up the maintenance costs. An important insight from the

report [2] highlights that from 2023 onward, executives of many companies plan to

increase their technical debt remediation budgets by about 7 percent: from 17% to

24% of IT budgets.

Architectural Technical debt often stems from deprecated frameworks, and tightly

coupled components in monolithic systems increase maintenance costs and lower

stability, as highlighted in this study [25]. Also, when components in a software
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becomes too tightly coupled, it becomes too challenging to isolate and maintain in-

dividual modules [25]. Nilsson et al. [26] suggest that in the pre-deployment phase

which is basically the development phase of a software product, it is important to

avoid Architectural technical debt. However, they also acknowledged that the other

concrete debts such as test, code, or documentation debt, can be incurred during the

development phase and those can be acceptable. They emphasized that the effective

communication early in the development process is crucial to prevent decisions that

could lead to future technical debt.

In software maintenance, one of the key challenges is managing the external de-

pendencies like third-party libraries and frameworks integrated into the software.

According to software engineering experts, regularly updating the software depen-

dencies is crucial for ensuring long-term maintainability of the software system to

reduce technical debt in time [27]. Significant effort along with extra sense of re-

sponsibility is required to achieve this, but many developers comply to the practice

"if it ain’t broke, don’t fix it", and majority of software are using outdated depen-

dencies [28]. Keeping your project’s dependencies up to date is really important

in today’s software development, but it is also a bit challenging at the same time.

Projects can rely on dozens or even thousands of libraries, and updating a depen-

dency might introduce changes that break things, which can be really hard to detect

and fix [29]. For example, a study by Kula et al. [28] found that 81.5% of the 4600

Java/Maven projects on Github still rely on outdated dependencies, mainly because

developers either are not aware of updates or find the extra work too overwhelm-

ing. Similarly, Pashchenko et al. [30] discovered through interviews that developers

often face tough choices when updating dependencies, having to balance issues like

vulnerabilities, potential breaking changes, and internal policies.
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2.2 Technical Debt Management Process

For the software maintenance, specifically in the effective management of technical

debt, there are multiple steps involved as discussed by Li et al. [9]. The initial

step is to identify problems within the software system, for example by using differ-

ent techniques such as static code analysis. The next step is to log identified debt

into a tracking system and categorize debt based on type, severity and potential

impact. Once documentation of debt is done, quantifying the impact using for ex-

ample maintainability score and estimated effort(cost) to fix, is the next activity.

Then, in TD prioritization, identified debt items are ranked based on business im-

pact, technical feasibility and urgency, to decide which debts could be addressed in

upcoming sprints for example. The next action is to inform stakeholders about the

risks and justify technical debt repayment in terms of business. Then, in TD mon-

itoring phase, TD is continuously tracked using dashboards, automated tools and

through sprint reviews. The next phase is the TD repayment, where sprint time is

specifically allocated to resolve high-priority debt such as by refactoring, upgrading

dependencies, improving tests etc. At last, best practices are implemented such as

automated testing, CI/CD pipelines to prevent TD accumulation.

Likewise, other studies also support this set of activities for effective technical

debt management in software systems [31]. TD repayment, TD identification as

well as TD measurement are the most discussed activities in most of the studies [9],

[31], and these activities involve too much of manual work for example for identifying

code or architectural debt, or outdated and vulnerable dependencies, which is a very

time consuming task. This indicates the significance of utilizing automated tools to

carry out these activities. For this reason, Chapter 3 will explore various available

tools.
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2.3 AI Applications in Software Engineering

In the realm of modern software development, Artificial Intelligence has emerged

as a state-of-the-art to revolutionize the industry. AI based tools have been in-

creasingly being used to address and solve critical challenges such as optimizing

code quality, identifying and resolving technical debt, and automating the repetitive

maintenance tasks [32]. A comprehensive literature review analyzed 15 research pa-

pers on AI-powered tools for Technical debt management and the results highlight

the emergence and significance of AI techniques integration in different phases of

technical debt management process [32].

Recent progress in Artificial Intelligence, especially with large language models

(LLMs) and agentic AI systems, has created new opportunities for tackling technical

debt. Large language models (LLMs) power agentic AI systems that autonomously

perform coding tasks, which can offer significant potential for managing technical

debt. This chapter provides a background on AI-driven approaches to technical

debt management by synthesizing related researches. It highlights the evolution of

technical debt management, the role of AI and the research gap that thesis aim to

address.

2.3.1 Evolution of Technical Debt Management

As early researches focused on classifying technical debt into categories such as code,

design and documentation debt [10], [13], tools like SonarQube [33] has emerged to

detect technical debt through static code analysis, identifying issues like code smells

and complexity metrics [9], [14].

Machine learning has also introduced the automated technical debt detection

methods. Integrating AI-based techniques into the code reviews has also shown

promising results in enhancing software quality and efficiency. A study introduced

AICodeReview [34], an IntelliJ IDEA plugin that utilized GPT-3.5 to automate
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code assessments. It effectively detects both syntax and semantic errors while sug-

gesting possible fixes. Early results showed that this tool significantly cuts down

review times and enhances the detection and refactoring of code smells compared

to manual reviews. In another effort, Li et al. [35] created CodeReviewer, which

is a pre-trained model designed to automate code review tasks by analyzing large

datasets of code changes and reviews from multiple programming languages. This

model has shown superior performance in estimating code quality, generating re-

view comments, and refining code. Moreover, DebtViz [36] was introduced as an

AI-powered tool that automatically detects and classifies Self-Admitted Technical

Debt (SATD) by analyzing source code comments and issue trackers using Convolu-

tional Neural Network, by providing real-time insights into technical debt. Similarly,

Mangave et al. [37] introduced an automated code review tool that aims to improve

the efficiency and effectiveness of code assessments. The development of these kind

of AI powered tools demonstrates a growing trend in integrating artificial intelli-

gence not only to ease the code review process but also to manage technical debt

effectively in software development. Another study explored natural language pro-

cessing (NLP) methods, such as BERT models, by analyzing code comments and

commit messages to find out self-admitted technical debt (SATD) [38].

However the remediation process remains mostly manual, depending on refactor-

ing and code reviews, which can be slow and labor-intensive, and prone to mistakes,

particularly in large and complex codebases. Even though the above mentioned

approaches improved detection accuracy but left remediation to developers. A sys-

tematic evaluation of 29 tools and their support for technical debt activities reveals

that, only 1 out of 29, facilitates technical debt repayment, highlighting a significant

lack of tools and techniques in this area [9].
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2.3.2 Role of AI and LLMs

Large language models like GPT and BERT have transformed software engineering

by simplifying tasks such as bug detection, code generation, as well as documenta-

tion [39]. As LLMs are trained on the vast amount of datasets of code and text,

they can understand programming languages and generate contextually relevant so-

lutions. For example, a study investigated OpenAI’s Codex which is a GPT-3-like

model, which has effectively identified and fixed bugs in Python and Java [3]. An-

other research indicates that large language models such as codex and GPT-3 can

effectively generate repair patches for JavaScript code issues [4]. A recent study also

show that ChatGPT can effectively support the automated program repair and has

better performance over other deep learning models [5]. These results indicate the

capability of LLMs to reduce technical debt by generating bug fixes which enhances

software maintainability.

Agentic AI, which is a subset of AI, is capable of autonomous planning, reasoning

and tool usage, and it represents a significance advancement in this modern era.

Studies like [40] and [41] describe agentic LLMs that perform complex workflows,

such as multi-file code editing or executing development commands. Industry tools

like Windsurf (formerly Codeium) [42] and Cursor [43] leverage these capabilities and

offer autonomous code editing and deep codebase reasoning. These developments

indicates that agentic AI can transform technical debt management by automating

detection and remediation.

2.3.3 AI-Driven Technical Debt Remediation

Recently, studies have started to examine the capabilities of AI in terms of technical

debt management, mostly looking at how AI can help in debt detection. A system-

atic literature review analyzed several NLP-based methods and found that models

like BERT are good at identifying SATD, but didn’t explore the ways to address
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remediation [44].

Microsoft’s CORE tool is interesting becuase it uses two LLMs together to create

and rank code updates for the issues identified by tools like SonarQube and CodeQL

[45]. By using CORE, reductions in human review effort were achieved, since 59.2%

of Python files and 76.8% of Java files were successfully revised. But it only covers

problems in the code quality specifically like bugs and style mistakes, rather than

technical debt, and it’s LLMs also lack the autonomy of agentic AI systems.

Tools like Cline, Tabby, Cursor, Windsurf, Codiga, Intellicode utilize AI to ex-

amine code and discover vulnerabilities, and then suggest code improvements and

fixes like how to fix them [46]. But these tools still lack the evaluation and testing

to show how effectively these tools can address technical debt remediation.

2.3.4 Research Gap and Motivation

Most studies focus on technical debt detection and does not address it’s repayment,

leaving this hectic work left to the developers. Researches like [44] mostly examine

SATD instead of broader technical debt issues identified by static code analyzers and

security scanners. Even though agentic AI tools were discussed in [47], but the use of

this technology for resolving technical debt is still not explored. Also, industry tools

like Cline, Windsurf, Cursor showcase practical applications, but there is a lack of

evaluation of measuring the effectiveness of such tools in repaying the technical debt

issues identified by different tools to mitigate technical debt and enhance software

maintainability.

This thesis addresses these gaps by evaluating the effectiveness of LLM-powered

agentic AI in remediating the technical debt issues identified by static code analyzers

and security tools. Unlike CORE, which only focuses on general code quality issues

identified by SonarQube, this thesis will utilize the capabilities of agentic AI (Cur-

sor) to address technical debt specifically. By providing empirical evaluation and
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probably by developing a new proof of concept framework strategy, this thesis will

showcase that how AI-driven maintainability strategies can be utilized for technical

debt management.



3 Tools for Technical Debt

Management

3.1 Classification and Role of Tools

To mitigate the maintainability issues early on in the SDLC, several tools have

emerged as powerful assets in the technical debt management for software mainte-

nance [6], [9], [31], [48], specifically for code review and dependency management.

And, selecting the right tool to utilize for a specific software project is a prevalent

challenge [48]. Recent research [49] shows that most technical debt management

tools concentrate on three areas: source code issues, architectural problems, and

design flaws. The consistent focus these areas suggests that they are major chal-

lenges for developers, as they greatly impact software maintainability, performance

and scalability.

3.2 Automated Code Review

Traditionally, code review involves developers manually analyzing and scrutinizing

the code to locate potential issues such as bugs, violation of coding standards as well

as inefficiencies. Several tools are available and currently being used to automate

this part of the process such as SonarQube, DeepCode, and CAST etc.

SonarQube, an open-source static code analysis tool, offers automated code re-
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views, focusing on code quality and maintainability metrics of a software, and it

supports multiple programming languages. It analyzes the code comments, whole

source code and commit messages to identify and measure the technical debt sever-

ity, and it offers beneficial insights to adhere to best coding standards to enhance

the long-term software maintainability. Table 3.1 and Table 3.2 presents the list of

available tools for code review in terms of what type of technical debt they identify,

what is their technical debt estimation strategy, which platforms and languages they

support [48], [50].
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Table 3.1: Automated Code Review Tools

Name (Release

Year)

Type Technical Debt Estimation Formula

CAST [51] (1998) Architectural, de-

sign and code

violations × rule criticality × effort

NDepend [52]

(2007)

Architectural, de-

sign and code

violations × fix effort

SonarQube [33]

(2007)

Code cost × nLOC

SQuORE [53]

(2010)

Design and code Not explicitly specified

Codacy [54]

(2016)

Code Not explicitly specified

Designite [55]

(2016)

Design and code Design rules violated

Code Inspector

[56] (2019)

Architectural, de-

sign and code

function of violations, duplications

SymfonyInsight

[57] (2019)

Code number of issues × time needed
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Table 3.2: Additional Features of Automated Code Review Tools

Name Platform Integration Output Languages

CAST Windows Jenkins and

Maven

API and GUI Most

NDepend Windows Azure, Jenk-

ins and VS

GUI .Net frame-

works

SonarQube Independent Eclipse, Intel-

liJ, and VS

All* Most, with

plugins

SQuORE Independent No API and GUI C++, Java,

others with

plugins

Codacy Independent GitHub,

GitLab, Bit-

bucket, CLI,

API, CI/CD

API and GUI Most, over 40

languages

Designite Independent VS, IntelliJ GUI Java, C#

Code Inspec-

tor

Independent GitHub,

Bitbucket,

GitLab, Jenk-

ins and Travis

API Most

SymfonyInsight Independent No GUI and CI PHP

3.3 Dependency Management

Although dependency-related technical debt is not directly addressed in this thesis,

but this section presents overview of tools that are used in the industry for proactive

dependency management in reducing architectural and versioning debt [28], [58].
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Several dependency management tools such as Dependabot [59], Renovatebot

[60], PyUp [61] and Snyk-bot [62] have been adopted and being used by industry

teams at large scale and these tools are responsible of creation of millions of pull

requests on Github [63]. PyUp rebranded to Safety Cybersecurity in July 2023

[64], expanding its focus beyond Python to include ecosystems like JavaScript, Java,

.NET, Go, and Ruby. These tools automatically monitor the code bases and identify

vulnerable and outdated dependencies, and then open Pull Requests (PRs) with the

required changes based on the stability, and compatibility with the existing code

base. These tools can reduce the accumulation of technical debt due to obsolete

libraries/dependencies, and automate the dependencies update process to improve

the longevity of the software.

Dependabot [59] stands out as the most widely adopted dependency manage-

ment bot across GitHub repositories [63], [65]. It was first introduced in 2017 as

Dependabot Preview, and later acquired by GitHub in 2019 [66]. In August 2021,

the preview version was discontinued in favor of a fully integrated GitHub-native ver-

sion launched in June 2020 [67]. This updated tool provides two main capabilities:

version updates, which use a dependabot.yml configuration file to automatically cre-

ate pull requests for keeping dependencies current; and security updates, which scan

GitHub repositories for known vulnerabilities and notify maintainers, even in the

absence of a configuration file. Alfadel et al. [58] conducted a study on JavaScript

open-source projects using Dependabot. They found that 65.42% of security-related

pull requests created by Dependabot were accepted by developers and most of these

accepted pull requests were merged within a day, which indicates a swift response

to security updates. Also, according to another study conducted by Runzhi he et al.

[68], projects reduced their technical lag from an average of 48.99 days to 25.38 days

after using the Dependabot for 90 days. Additionally, 35.7% of projects reached

zero technical lag within this time. This indicates the importance of these tools
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in notifying updates to fix dependency issues as soon as possible to enhance the

productivity of the teams. Table 3.3 gives overview of the available tools and what

languages they support and how do they work.

Table 3.3: Dependency Management Tools

Name (Release Year) Ecosystem Debt Mitigation

Strategy

Dependabot (2017) Multi-language Automates updates and

alerts for outdated depen-

dencies.

Renovate (2017) Multi-language Auto-updates dependen-

cies to reduce mainte-

nance overhead.

Snyk (2015) Multi-language Flags and fixes vulnerable

dependencies.

Sonatype Nexus Lifecycle

(2016)

Enterprise (Java, .NET,

Node.js)

Assesses risk and guides

safe component use.

OWASP Dependency-

Check (2011)

Multi-language Detects known vulnera-

bilities in dependencies.

WhiteSource (2013) Multi-language Ensures security and li-

cense compliance.

Safety (formerly PyUp)

(2016)

Multi-Language (Python,

Java, Javascript, Go,

.NET and Ruby)

Automates dependency

updates via pull requests.



4 Methodology

This chapter outlines the methodology for evaluating the effectiveness of large lan-

guage models (LLM)-powered agentic AI, specifically the Cursor [43] Pro version

with the Anthropic’s Claude Sonnet 4 [69] which is the latest released advanced

model, in remediating technical debt issues identified by static code analysis and

security tools. This work addresses the gap highlighted in the existing literature,

which lacks systematic evaluations of autonomous AI systems for technical debt

remediation. The evaluation is focused exclusively on the MyFlavoria PWA [70],

an Ionic-based React application which is designed and developed for the users

of Flavoria’s restaurant in Turku, Finland [71]. This methodology is designed to

be reproducible, using accessible tools like SonarQube and Snyk, and provides ac-

tionable insights for improving the MyFlavoria’s maintainability, aligning with the

researcher’s involvement in the project.

4.1 Research Design

This study employed an experimental design structured around a diagnostic-proactive

approach for managing technical debt. The diagnostic approach focuses on identi-

fying technical debt issues using static code analysis and security tools, while the

proactive approach leverages agentic AI powered by large language models to reme-

diate the identified issues. This approach is composed of three phases: (1) identifi-

cation of technical debt using static code analysis and security tools, (2) application
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of Cursor Pro with LLM model to remediate identified issues, and (3) evaluation of

remediation outcomes using quantitative and qualitative metrics.

Figure 4.1 illustrates the workflow, depicting the sequential steps across the three

phases, from technical debt identification to final evaluation.

Phase 1: Identify Technical Debt

(SonarQube, Snyk)

Generate Baseline Report

Phase 2: AI Remediation

(Claude Sonnet 4 via Cursor Pro)

Generate Suggestions/Apply Fixes

Log AI Actions

Phase 3: Evaluate Outcomes

Qualitative Analysis

(Limitations, Usability)

Quantitative Metrics

(Success Rate, Quality, Efficiency)

Figure 4.1: Flowchart of the experimental methodology for evaluating Claude Sonnet

4 via Cursor Pro in remediating technical debt.

In the first phase, technical debt is identified using two categories of tools:

• Static code analysis (SonarQube)



4.2 DATA COLLECTION 34

• Code security and vulnerabilities scanner (Snyk Code)

These tools are selected due to their comprehensive detection capabilities and strong

industry adoption [15]. The output of this phase is a detailed combined list of issues

of technical debt, which are categorized into code smells, bugs and vulnerabilities.

In the second phase, an agentic AI-assisted development tool (Cursor Pro with

Claude Sonnet 4) is used to remediate those identified issues. The agentic AI model

suggests and applies code changes autonomously based on the context and prompts

derived from Phase 1 outputs.

Finally, the AI-generated remediations to those identified issues are evaluated by

re-running the Phase 1. The new scan results are then compared with the baseline

report to assess the effectiveness of the AI remediations, and perform analysis to

get metrics such as resolution rate, false positive identifications and others. The

remainder of this chapter explains the process of each phase in detail.

4.2 Data Collection

The data collection phase involved gathering technical debt issues data from a real-

world functioning production-level codebase: MyFlavoria PWA. This phase covers

the reasons behind the project selection, and the exact steps taken to collect and

normalize the data from two industry standard tools: SonarQube and Snyk.

4.2.1 Codebase Selection

For the purpose of this study, the newly developed MyFlavoria PWA is selected as a

primary codebase for technical debt analysis and tool-based evaluation. This app is

developed to provide insights about the nutritional information to the users related

to the food that they take with personal data tracking, and deployed as PWA as

part of Flavoria’s research platform at the University of Turku. This codebase was
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chosen due to it’s modern architecture, active development status, and researcher’s

involvement which enabled direct access and the opportunity to provide actionable

insights for improving maintainability. Other reasons to chose MyFlavoria PWA

codebase for this study are:

• It represented a major architectural decision of complete re-development to

replace the legacy React Native implementation, which had accumulated sig-

nificant technical debt due to outdated libraries and architecture.

• In opposite to legacy app, the new PWA app was developed using React frame-

work, enhanced with Ionic-based UI components, and written in TypeScript,

which enabled better scalablity and maintainability.

• MyFlavoria PWA was developed with a clear emphasis on maintainability best

practices, including modular design, reusable components, and maintaining

up-to-date dependencies.

• The structure and tooling of the PWA allow easy integration and testing of

automated code analysis tools such as SonarQube and Snyk Code for security

and vulnerabilities scanning.

4.2.2 Technical Debt Identification

This section presents the full technical process used to identify technical debt using

two tools: SonarQube and Snyk, along with the data normalization, batching logic

for AI input and internal data transformation scripts.

4.2.2.1 SonarQube Analysis

SonarQube (version v25.5.0.107428 Community Edition) was selected as the static

code analysis tool to identify technical debt in the MyFlavoria Progressive Web App

(PWA). Its selection was based on the following rationale:
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• Proven static analysis capabilities for detecting code smells and maintainability

issues [15].

• Comprehensive support for JavaScript and TypeScript codebases, aligning

with MyFlavoria’s tech stack.

• Customizable rule profiles, allowing tailored analysis for the project’s needs.

• Free availability through the Community Edition, ensuring accessibility for

academic research.

The setup of SonarQube followed a structured process to ensure accurate analysis

of the MyFlavoria codebase, as detailed below:

1. Pulling the Docker Image and Running SonarQube Locally: Sonar-

Qube was deployed locally using Docker to facilitate analysis. The following

command was executed to pull and run the SonarQube v25.5.0.107428 latest

Community Edition container:

docker run -d --name sonarqube -p 9000:9000 sonarqube:

latest

2. Accessing the SonarQube Web Interface: The web interface was accessed

at http://localhost:9000 to initialize the environment and create a new

project for MyFlavoria.

3. Installing SonarScanner CLI: The SonarScanner command-line interface

was installed globally using npm to enable code analysis:

npm install -g @sonar/scan

4. Configuring the Project: A configuration file, sonar-project.properties,

was created in the root of the MyFlavoria project to define analysis parame-

ters:
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sonar.projectKey=MyFlavoria -Master

sonar.projectName=MyFlavoria Master

sonar.sources =.

sonar.host.url=http :// localhost :9000

sonar.token=sqp_2d9526f4ffac3fdb3293d19a2f30583395fcd77d

5. Running the Analysis: The analysis was performed by executing the fol-

lowing command in the project root:

sonar

6. Accessing the Report: Results were accessed through the SonarQube web

interface at http://localhost:9000 and via the SonarQube API for pro-

grammatic extraction.

4.2.2.2 Extracting Issues Programmatically

Since the SonarQube Community Edition lacked built-in export features, a custom

Python script was developed to retrieve issues programmatically via the SonarQube

API. The script is provided in Appendix A (Listing A.1) and it used the following

API request to fetch issues for the MyFlavoria project:

GET http :// localhost :9000/ api/issues/search?components=

MyFlavoria -Master&issueStatuses=OPEN&ps=500

The retrieved issues were parsed into a structured JSON format for further pro-

cessing, with each issue including details such as key, description of the issue, file,

line number, severity, type, and suggestion(if available). All extracted issues were

consolidated into a single JSON file for use in subsequent remediation steps with

Cursor.

An example of the parsed output of single issue is shown below:
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{

"key": "e0730d6a -8c02 -41d4 -9784 -5482 bb54aee2",

"description": "Make this public static property

readonly.",

"line": 8,

"file": "src/API/BackendFactory.tsx",

"severity": "MINOR",

"type": "CODE_SMELL",

"rule": "typescript:S1444",

"suggestion": "Public \"static\" fields should be read -

only"

},

4.2.2.3 Snyk CLI Analysis

Snyk CLI (version 1.1296.2) was selected as the security scanning tool to identify

vulnerabilities in the MyFlavoria Progressive Web App (PWA) codebase. Its selec-

tion was based on the following rationale:

• Excellent vulnerability scanning using it’s DeepCode AI and static analysis

capabilities for modern JavaScript and TypeScript projects, aligning with

MyFlavoria’s tech stack.

• Support for CLI-based analysis, enabling integration into automated work-

flows.

• Direct JSON export functionality, facilitating programmatic processing of re-

sults.

• No requirement for access to proprietary code, ensuring compliance with eth-

ical considerations for the MyFlavoria project.
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The setup and execution of Snyk CLI followed a structured process to ensure

comprehensive vulnerability detection, as detailed below:

1. Installing Snyk Globally: Snyk CLI was installed globally using npm to

enable command-line access for scanning:

npm install -g snyk

2. Authenticating via Web: Authentication was performed to connect Snyk

CLI to the Snyk platform, using the following command:

snyk auth

3. Running Code Test and Exporting to JSON: The MyFlavoria codebase

was scanned for security issues, with results exported to a JSON file using the

following command:

snyk code test --json > snyk_issues.json

This command generated a structured JSON output containing identified vul-

nerabilities and insecure code patterns.

4.2.2.4 Data Transformation and Integration

Since the raw JSON output of the issues from Snyk was different in the format

as compared to SonarQube, so it required to transform it into similar format. A

custom Python script was developed to parse and normalize issues into a unified

format. Each issue was transformed into a JSON object containing key fields such

as key, description of the issue, file, line number, severity, type, and suggestion(if

available).

An example of the normalized output is shown below:

{
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"key": "9aeeb692 -cefa -4f93 -8547 -8176960 e9b82",

"description": "Avoid hardcoding values that are meant

to be secret. Found a hardcoded string used in here."

,

"line": 6,

"file": "src/platform/abstraction.ts",

"severity": "CRITICAL",

"type": "VULNERABILITY",

"rule": "javascript/HardcodedNonCryptoSecret",

"suggestion": ""

}

Once the issues from both SonarQube and Snyk were transformed into unified

similar format, they were then merged into a single master file, combined_issues.json,

for use in subsequent remediation steps with Cursor using the Python script which

is provided in Appendix A (Listing A.2).

4.2.2.5 JSON Chunking for AI Context Window

To accommodate the memory and token constraints of large language models (LLMs)

like Claude Sonnet 4, used in Cursor, the combined_issues.json file was split into

smaller chunks containing 10 issues each. A Python script was developed to perform

this chunking, as shown below:

import json

def split_issues(input_file , chunk_size =10):

with open(input_file , "r") as f:

data = json.load(f)

issues = data["issues"]
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for i in range(0, len(issues), chunk_size):

chunk = issues[i:i+chunk_size]

with open(f"issues_part_{i// chunk_size + 1}. json", "w"

) as out:

json.dump({"issues": chunk}, out , indent =2)

Each chunk was semantically tagged with batch identifiers to facilitate tracking

during remediation. These chunks were then used as input for Cursor to generate

remediation suggestions.

4.3 AI-Driven Remediation

This section outlines the process used to remediate technical debt identified by

SonarQube and Snyk in the MyFlavoria Progressive Web App (PWA) using Cursor

Pro, an AI-enhanced development environment powered by Claude Sonnet 4. The

approach was designed to evaluate the effectiveness, limitations, and practical in-

tegration of large language models (LLMs) into a real-world software maintenance

workflow.

4.3.1 Tool Overview

Cursor Pro [43] is a modern code editor integrated with AI capabilities. It includes

features such as context-aware autocompletion, multi-file deep codebase reasoning,

and an agentic mode [72] that enables the AI to process structured inputs, perform

reasoning across the codebase, and suggest or implement code changes.

Claude Sonnet 4 [69], developed by Anthropic, is a transformer-based LLM

known for its high-quality code generation, reduced hallucination rate, and sup-

port for multi-modal and multi-file reasoning. It was selected for this experiment

based on the following rationale:
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• Its ability to interpret structured JSON inputs, critical for processing Sonar-

Qube and Snyk reports.

• A context length capability of approximately 200,000 tokens, sufficient for

handling batched issue files.

• Its strong performance in previous academic and industrial coding bench-

marks.

The integration of Claude Sonnet 4 into Cursor Pro enabled the development of

a semi-automated pipeline for technical debt remediation.

4.3.2 Remediation Process

The AI-driven remediation was performed through an iterative, batch-based work-

flow using the JSON files generated from SonarQube and Snyk, each containing 10

technical debt issues. This segmentation of issues into chunks is done due to the

context limitations of Claude Sonnet 4 while ensuring a focused and manageable

scope for the AI.

1. Issue File Ingestion: Each batch file (e.g., issues_part_1.json) was at-

tached to a Cursor Pro session. A structured prompt was written to guide the

AI in reading, understanding, and acting upon the list of issues. The prompt

template used is shown below:

You are a software engineer assistant tasked with repaying

technical debt across an entire codebase.

You are given a file `issues_part_1.json `, which contains

an array of issues identified by SonarQube and Snyk.

Each issue has:

- `file `: path to the file
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- `line `: line number of the issue

- `type `: CODE_SMELL , BUG , or VULNERABILITY

- `description `: a short explanation of the problem

Your task is as follows:

1. For **each issue**, navigate to the specified file and

line number.

2. Use deep understanding of the codebase and context

before taking action.

3. If the issue is valid:

- Fix it without breaking app functionality.

4. If the issue is a **false positive**, **do not ignore

it**. Instead:

- Add a code comment explaining why its being skipped.

** Important **: Process every issue in the list. Do not

skip or ignore any issue silently.

At the end , summarize:

- Total number of issues processed

- Number of issues fixed

- Number of issues skipped

2. Autonomous Remediation: Using its internal agentic capabilities, Cursor

Pro processed each issue sequentially. The AI parsed the issue metadata, lo-

cated the corresponding line in the specified file, generated a fix inline using

best practices, and added comments if uncertainty existed (e.g., // SonarQube

false positive S6440: BE.useCoupon is not a React Hook but a backend
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API method). Cursor Pro provided diffs between the original and modified

code, allowing the user to preview and approve changes.

3. Manual Review: Each proposed fix was reviewed manually due to the ab-

sence of complete test coverage in the MyFlavoria PWA. Acceptance criteria

included preservation of functional behavior, adherence to codebase style, and

improvement in maintainability or removal of security flaws. Changes were

either accepted most of the times, or reverted, with reasons (e.g., the issue

had already been fixed during the previous batch, and now Cursor is adding

the comment regarding that).

4. Post-Fix Validation: After all issue batches were processed, the updated

codebase was rescanned with SonarQube and Snyk to measure the quantitative

reduction in issues, detect any newly introduced problems, and identify false

positives from the initial scan.

The remediation workflow is illustrated in Figure 4.2, showing the sequence of

steps from issue ingestion to validation.

JSON Issue Batch File

Cursor Pro + Claude AI

In-File Edits

Manual Verification

Re-scan and Compare

Figure 4.2: AI-driven remediation workflow for processing technical debt issues.
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4.4 Evaluation Metrics

This section outlines the quantitative and qualitative metrics used to evaluate the

effectiveness of of Cursor Pro, powered by Claude Sonnet 4, in remediating the

technical debt issues identified by SonarQube and Snyk. The main goal behind this

evaluation was to address the research questions specifically RQ3 (To assess how

actionable and comprehensive technical debt insights were from these tools) and

RQ4 (To measure the accuracy and effectiveness of AI-driven remediation), and to

address the research gap in LLM-Powered Agentic AI technical debt repayment.

4.4.1 Quantitative Metrics

Quantitative metrics were defined to measure the outcomes of the AI-remediation

process. The following were used:

• Issue Resolution Rate: The percentage of issues (code smells, bugs, vulner-

abilities) identified by SonarQube and Snyk that were successfully resolved by

Cursor Pro. This was calculated by comparing the number of issues marked as

resolved in post-remediation scans to the total number of issues in the initial

scans, categorized by issue type.

• Newly Introduced Issues: The number of new issues detected in post-

remediation SonarQube and Snyk scans, indicating potential errors introduced

by Cursor Pro’s fixes.

• Unresolved Issues: The number of issues that remained unresolved after

remediation, calculated as the difference between initial issues and resolved

issues.

• False Positive Rate: The percentage of issues identified by SonarQube and

flagged as false positives by Cursor Pro, based on its context-aware analysis of
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the codebase. This was determined by manual review of Cursor’s justifications

for flagging false positives.

• Code Quality Improvement: The improvement in code maintainability,

measured using SonarQube’s maintainability index and cyclomatic complexity

scores before and after remediation.

• Time Savings: This indicates the reduction in time required to remediate

issues as compared to manual remediation time. Manual remediation time was

estimated by the SonarQube to perform the required fixes to repay technical

debt issues.

The quantitative metrics such as issues resolution rate, newly introduced issue,

unresolved issues, and false positive issues were calculated using data from pre- and

post-remediation process of SonarQube and Snyks scans. Code quality improve-

ments were derived from SonarQube’s maintainability index and cyclomatic com-

plexity metrics. Time savings were calculated by comparing SonarQube’s estimated

time with Cursor Pro’s processing time recorded by the researcher.

4.4.2 Qualitative Metrics

Qualitative metrics were defined to assess the subjective quality and usability of

Cursor Pro’s remediation. The following metrics were used:

• Fix Quality: The extent to which Cursor Pro’s fixes adhered to best prac-

tices and preserved functional behavior, evaluated through manual review by

researcher. Feedback was recorded which reflects whether fixes were idiomatic

and effective.

• Usability: The ease of integrating Cursor Pro into the remediation workflow,

assessed based on the clarity of diffs, responsiveness to prompts, and overall

user experience during manual review.
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Qualitative metrics were collected through manual review and false positives

flagged by Cursor Pro were validated by comparing it’s context-aware deep codebase

analysis to SonarQube static checks, with examples documented for analysis.

This experimental design framework allowed for comprehensive analysis in the

next chapter, including empirical evidence to RQ3 and RQ4, while also informing

strategic recommendations in the Chapter 6.



5 Results and Analysis

This chapter presents the empirical results derived from the evaluation framework

established in Chapter 4. The main focus of this chapter is to demonstrate the mea-

surable impact of using Agentic AI system (Cursor Pro) powered by large language

model (Claude Sonnet 4) in repaying technical debt to provide insights. The results

directly addresses research questions RQ3 (the use of modern tools for technical

debt assessment) and RQ4 (the effectiveness of LLM-powered agentic AI in reme-

diation), by providing quantitative insights (e.g issues resolution rate, false positive

identifications) and qualitative insights (e.g. fix quality, tool limitations).

The analysis is presented in two main sections:

1. Raw results including false positives

2. Cleaned results after removing false positives

Visualizations are also added to support quantitative analysis and illustrate the

impact, and also specific examples such as false positives to enrich the qualitative

analysis.

5.1 Dataset Overview

The initial analysis using SonarQube and Snyk CLI identified a total of 163 technical

debt issues in the MyFlavoria PWA codebase, which comprised approximately 7,000
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lines of code. These issues were comprised of 134 code smells, 25 bugs, and 4

vulnerabilities.

The issues were normalized into a unified JSON schema, as described in Section

4.2, to support consistent formatting and facilitate structured prompting within Cur-

sor Pro. To accommodate Claude Sonnet 4’s context window, the issues were split

into 17 batches, each containing 10 issues, resulting in files named issues_part_1.json

to issues_part_17.json. This segmentation ensured manageable processing while

maintaining semantic coherence where possible. The dataset contained a wide range

of severity levels (BLOCKER, CRITICAL, MAJOR, MINOR, INFO) and issue

types for evaluating the AI’s remediation capabilities in a real-world Typescript-

based PWA context.

5.2 Phase 1: Raw Results (Including False Posi-

tives)

This section presents the results from processing all 163 issues through Cursor Pro,

including false positives identified during manual review. The analysis focuses on

remediation outcomes, total issue counts, and distributions by severity and type,

providing a baseline for the AI’s performance before cleaning the dataset.

5.2.1 Remediation Outcomes

Cursor Pro processed each batch of issues using the prompt template outlined in

Section 4.3.2, generating fixes, identifying false positives, and providing diffs for

manual review. The outcomes for the 163 issues were as follows:
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Table 5.1: Remediation Outcomes (Including False Positives)

Outcome Type Count % of Total

Resolved by AI 135 76.7%

Unresolved issues 28 15.9%

New Issues Introduced 13 7.4%

The Cursor Pro autonomously resolved 135 issues (76.7%), demonstrating signif-

icant capability in addressing technical debt without human intervention. Addition-

ally, 23 issues were identified as false positives by Cursor Pro which left unresolved,

primarily due to its context-aware analysis outperforming SonarQube’s static checks.

13 new issues were introduced, identified during post-remediation scans, indicating

issues in the code fixes that AI provided. Figure 5.1 visualizes the distribution of

these outcomes.
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Figure 5.1: Remediation Outcome Distribution (Including False Positives). The pie

chart shows the proportion of issues resolved by AI, issues which left unresolved and

newly introduced.

5.2.1.1 Analysis of Newly Introduced Issues

While Cursor Pro effectively resolved most of the technical debt issues, the remedi-

ation process introduced 13 new issues which were primarily related to code smell

rather than functional correctness. These new issues highlight trade-offs when using

AI-based tools for technical debt repayment. Some of the newly introduced issues

include:

• Improper Operator Use: The AI used the logical OR operator (||) instead

of the nullish coalescing operator (??) in multiple files when fixing the issues.

Although both serve similar purpose but ?? is safer when dealing with null or

undefined to avoid unintended fallbacks for falsy values like 0 or empty strings

("").
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• Increased Cognitive Complexity: In some fixes, the AI introduced cog-

nitive complexity which exceeded the recommended threshold by SonarQube,

and made the code harder to read and reason about. Similarly, in one fix,

the nesting depth of a function surpassed the acceptable limit, which lead to

decreased clarity and poor readability.

Though many existing issues were resolved by AI, but some new issues, often

related to stylistic preference or structural code quality, may introduce. This high-

lights the need for post-AI-review audits by developers to ensure that the fixes are

aligned with project standards and maintainability goals.

5.2.1.2 Analysis of Issues Left Unresolved

Despite the effectiveness of AI, some issues remained unresolved in the codebase.

These issues typically required human context and architectural foresight since cur-

rent LLM-based tools may lack full domain understanding and decision making

capabilities. The following issues specifically remained unaddressed:

• TODO and FIXME comments: A TODO comment in a file indicated an

incomplete feature or logic, and AI did not implement that feature, since it

requires domain-specific decisions. Similarly, a FIXME comment at one place

highlighted a limitation in multilingual support logic which mentioned that

the implementation may not scale for additional languages. The AI avoided

modifying this logic to prevent breaking changes and added the reason for that.

Figure 5.2 and Figure 5.3 illustrate the TODO and FIXME issues examples

respectively.
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Figure 5.2: TODO issue example

Figure 5.3: FIXME issue example

5.2.1.3 False Positive Examples

Cursor Pro identified 23 false positives, leveraging its context-aware analysis. For

example, SonarQube flagged a property to be initialized with ’readonly’ as a code

smell, but Cursor Pro marked this as false positive due to it’s context aware analysis

and justified it as intentional because it was initialized lazily in the file. Figure 5.4

illustrates this example.
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Figure 5.4: False Positive 1

Similarly, SonarQube identified the string literal starting with ’use’ to be the

React Hook and flagged that as Bug, but Cursor Pro marked that a false positive

because that was a Backend API which was being called. Figure 5.5 illustrates this

example.

Figure 5.5: False Positive 2

Another example where SonarQube identified the incorrect use of useState hooks

multiple time in different files which it indicated that it does not contain value+setter

pair, but Cursor Pro marked those as false positive because those were actually

properly initialized and contained proper value+setter pair. Figure 5.6 illustrates

one of the examples from those issues.
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Figure 5.6: False Positive 3

These issues which were flagged false positive by Cursor were validated manually,

which confirmed their false status. The next section includes the analysis after

removing those false positive issues identified by Cursor for cleaned analysis.

5.2.2 Total Issue Comparison: Before vs After AI Fix

The initial 163 issues were reduced significantly after AI remediation, though some

of the issues were left unresolved which were detected as false positives and 13 new

issues slightly reduced the net accuracy. Post-remediation scans with SonarQube

and Snyk reported 41 remaining issues, including the 13 new issues. Figure 5.7

illustrates this comparison.

Figure 5.7: Total Issue Count Before and After AI Fixes. The bar chart compares

the initial 163 issues to the 41 remaining issues post-remediation.
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5.2.3 Issue Type Distribution (Before vs After)

The issue types included code smells, security vulnerabilities, and bugs. Table 5.2

summarizes the counts by type.

Table 5.2: Issue Type Distribution Before and After Remediation

Phase Code Smell Security Bug

Before 134 4 25

After 37 2 2

Significant reductions were observed in code smells (from 134 to 37) and bugs

(from 25 to 2), with less improvements in security vulnerabilites. Figure 5.8 presents

this breakdown.

Figure 5.8: Issue Type Breakdown – Before vs After Remediation. The grouped bar

chart highlights reductions in code smells and bugs.
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5.3 Phase 2: Cleaned Analysis (Excluding False Pos-

itives)

After manual validation, 23 issues were marked as false positive which were classified

as false positives by Cursor, to analyze the AI’s performance on the cleaned set of

issues, providing a more accurate assessment of its remediation capabilities.

5.3.1 Issue Totals After Cleaning

The cleaned dataset showed a clearer picture of the AI’s effectiveness. Figure 5.9

illustrates the issues count of total before Cursor AI fix and after Cursor AI fix (

excluding false positives by manual review of those issues flagged by Cursor AI as

false positive). After Cursor AI fix, there were 41 issues remaining, out of which 23

were flagged as false positive, which reduced the actual issues to 18.

Figure 5.9: Total Issues – Before vs After (Cleaned).



5.3 PHASE 2: CLEANED ANALYSIS (EXCLUDING FALSE POSITIVES) 58

5.3.2 Resolution Outcome (Cleaned)

The cleaned remediation outcomes, excluding false positives, were recalculated as

follows:

Table 5.3: Remediation Outcomes (Excluding False Positives)

Outcome Type Count % of Total

Resolved by AI 156 (89.7%)

Unresolved Issues 7 (4.0%)

New Issues Introduced 11 (6.3%)

Figure 5.10 visualizes the updated outcomes.

Figure 5.10: Cleaned Remediation Outcomes (Excluding False Positives)
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The cleaned resolution outcome represents a more accurate picture of AI’s ef-

fectiveness after accounting for false positives. Over 89% of issues were successfully

resolved by the agentic AI, reflecting a cleaned resolution success rate. The number

is significantly higher than the raw success rate (76.7%) reported in the previous

section, emphasizing the importance of filtering out irrelevant or invalid findings

when evaluating AI remediation effectiveness.

5.4 Code Quality Improvement and Time Savings

This section shows the improvements in code quality and maintainability scores

after automated fixes using Cursor AI, as measured by SonarQube. The metrics

are calculated based on before and after measurements of applying the AI fixes.

The aim was to measure the effectiveness of large language model (LLM)-powered

automation in technical debt reduction and improving developer efficiency.

Significant reductions were observed in key technical debt indicators calculated

from SonarQube’s before and after analysis. Table 5.4 summarizes the overall as-

sessment counts.

Metric Before After Improvement

Bugs 25 2 -92%

Code Smells 134 37 -72%

Cognitive Complexity 546 486 -11%

Cyclomatic Complexity 830 822 Slight

Vulnerabilities 1 0 Fully Resolved

Security Rating E (5.0) A (1.0) Improved

Maintainability Index (SQALE Index) 1323 209 -84%

Table 5.4: SonarQube’s Software Quality Metrics Before and After Improvements
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These results indicate enhanced maintainability and reduced technical debt,

specifically a huge drop in the SQALE index, which is the estimated measure of effort

in minutes by SonarQube needed to fix issues. The estimated time was around 22

hours ( 1323 minutes ), but it took less than 2 hours to fix those issues through Cur-

sor AI. The automated remediation performed by Cursor AI significantly reduced

the developer effort required for bug fixing and code simplification. The change in

the security rating from worst (E) to best (A) also indicates successful mitigation

of security vulnerability.

While there was 11% reduction in cognitive complexity, but the numbers are still

high which indicates that significant complexity still exists in the codebase. The

minimal change in cyclomatic complexity also suggests that the control flow logic

and branching structures were largely unaffected after AI remediation. This reflects

limited effectiveness of AI in simplifying complex logic and improving structural

design.



6 Discussion

This chapter reflects on the findings related to the research questions introduced in

this thesis and results presented in Chapter 5, and connects them to give broader

context of software maintainability and AI-assisted development. The discussion

highlights the strengths and limitations of the approach used, reflects on the role of

technical debt remediation tools and strategies in practice in terms of ongoing de-

velopment in AI-powered software engineering specifically regarding maintainability,

developer productivity and technical debt repayment, and explores opportunities for

future research.

6.1 Overview of Results

The primary goal of this study was to evaluate how modern tools, particularly

agentic AI systems, can help in technical debt remediation process within real-world

software systems.

The results show that agentic AI system successfully resolved a major portion

of technical debt issues especially code smells and bugs. It was also capable of

detecting and reasoning about false positives by adding justified comments when

fixes were unnecessary or inappropriate. However, the need for manual validation,

the AI’s limited effectiveness in resolving cyclomatic complexity, and understanding

and fixing issues requiring architectural decisions and more domain understanding

highlight the current limitations. The discussion below addresses each research
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question in light of these findings.

6.2 Addressing the Research Questions

6.2.1 RQ1: Development Practices Leading to Technical Debt

The literature review along with the analysis of MyFlavoria system under case study

highlighted several development practices contributing to technical debt accumula-

tion.

The legacy mobile application used many dependencies which were deprecated

and package versions were incompatible with latest versions of libraries and frame-

works, which led to reduced maintainability and blocked upgrades. This aligns with

research by Kula et al. [28], who reported that over 80% of Java/Maven projects

have outdated dependencies due to extra work required to update them. Auto-

mated tools like Dependabot or Renovate were not integrated in CI/CD workflow.

Due to this, outdated dependencies were not flagged and updated regularly, which

created compatibility risks and a complete redevelopment of the app. Studies by

Alfadel et al. [58] and Runzhi he et al. [68] also confirm that automated dependency

management significantly reduces technical lag and vulnerabilities.

Inadequate inline comments and no test coverage made it difficult to verify and

understand existing logic especially for AI agent in reducing complexity in the code.

This aligns with Kruchten’s classification of invisible debt, especially in the code-

level granularity [13]. The system also contained signs of quick delivery such as

TODO/FIXME comments, minimal error handling and inconsistent naming con-

ventions. These patterns align with the Fowler’s quadrant model [12], especially

the reckless-deliberate debt caused by knowingly taking shortcuts in fully aware

situation of long-term consequences.

The application contained number of code smells and bugs which violated good
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coding standards and introduced code debt. Though the functionality of the app was

not affected with the violation of coding standards, but it makes harder to make

even a small update in the future. Importantly, these development practices can

be effectively mapped to McConnell’s debt classification (Figure 2.1), where these

identified issues fall under Unintentional Debt. These issues are not introduced

maliciously or strategically, but rather emerge from time pressure, limited team

capacity or inexperience.

All of the identified issues align with the broader findings from literature and

reflect multiple types of technical debt in the system such as code debt, architectural

debt and test debt, as previously discussed in Section 2.1.2. The results support

global findings such as those from the InsighTD survey [18], which identified rework,

low maintainability, need of refactoring and bad code as the effects of TD.

6.2.2 RQ2: Strategies to Mitigate Long-Term Maintainabil-

ity Issues

While this thesis primarily focused on the remediation of existing identified technical

debt, the findings from the MyFlavoria case study when combined with insights from

the literature suggest several actionable strategies that can help prevent or reduce

long-term accumulation of maintainability issues in real-world software systems.

First and foremost, the integration of static code analysis tools such as Sonar-

Qube and security scanners like Snyk into early development phases is critical. These

tools not only detect code smells, bugs, and vulnerabilities, but also provide con-

tinuous feedback on maintainability metrics like code complexity, duplicates, and

security risks. Integrating them into CI/CD pipelines ensures that developers are

made aware of technical debt as it is introduced, which allows for earlier and less

costly remediation. This approach aligns with best practices recommended in prior

studies [6], [9], which emphasize that real-time monitoring of technical debt using
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automated tools is an important step in proactive technical debt management.

Secondly, maintainability can be significantly improved by automating depen-

dency management. Tools like Dependabot and Renovate can automate this pro-

cess by regularly scanning for outdated libraries and automatically generating pull

requests for safe upgrades. This strategy has been validated in studies such as [58]

and [68], which found that automation significantly reduces both the volume and

risk associated with dependency-related debt.

Perhaps the most forward-looking strategy involves the use of agentic AI tools,

such as Cursor Pro powered by Claude Sonnet 4, which were used in this study to

remediate code-level technical debt. These systems are not only capable of detect-

ing issues but also autonomously applying fixes, which reduces the manual burden

on developers and accelerates debt repayment. In this study, over 89% of code-

level issues were successfully resolved by the agent, demonstrating that such AI can

meaningfully contribute to long-term maintainability. This finding aligns with re-

cent advancements in automatic program repair and LLM-driven remediation [3], [4],

[5], which show that AI models are increasingly capable of understanding context,

identifying anti-patterns, generating corrective code changes and resolving quality

issues.

To summarize, combining preventive monitoring via integrating scanners into

CI/CD, automated dependency management, and autonomous remediation using

agentic AI offers a multi-layered strategy for mitigating long-term maintainability

debt. When used together, these techniques provide a proactive approach that not

only prevents the introduction of technical debt but also ensures that it is addressed

swiftly and systematically when it does occur.
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6.2.3 RQ3: Using Modern Tools to Assess Maintainability,

Reliability, and Security

The experimental methodology demonstrated that tools like SonarQube and Snyk

offer detailed actionable insights in identifying maintainability and security related

issues.

Since SonarQube uses rule-based static code analysis, it provides comprehensive

analysis of bugs, code smells, vulnerabilities, cyclomatic and cognitive complexity

metrics. It also has capabilities of integration within the modern CI/CD workflows.

It also provides comparative scans history to analyze before-and-after scans results

which served as a base to evaluate the effectiveness of the proposed methodology

in this study. Though SonarQube identified only 1 security vulnerability in the

codebase, Snyk detected 3 vulnerabilities, which highlights the importance of using

tools specifically tailored for code security testing.

Their outputs were structured into unified JSON format for chunk-wise process-

ing by Cursor Pro, which demonstrate a novel pipeline to incorporate static code

analyzers and security code scanners within agentic AI systems, which is not widely

explored in previous literature as mentioned in Section 2.3.4.

However, these tools do have limitations as well. Due to the lack of contextual

awareness and deep codebase reasoning, SonarQube detected many issues which

were classified as false positive by AI during remediation process. Those issues

were confirmed as false positives during manual review process. This highlights the

importance of human review in remediation process to confirm these issues so that

the app’s required functionality is not broken.

These tools acted as code reviewers and foundational components for AI-driven

remediation pipeline providing structured issues data that guided the LLM’s actions.
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6.2.4 RQ4: Effectiveness of LLM-powered AI in remediating

technical debt

The use of Cursor Pro along with Claude Sonnet 4 has shown promising results in

remediating technical debt.

Out of 163 identified issues, almost 89% issues were resolved by the AI. Due to

context awareness and deep codebase reasoning capabilities, Cursor marked almost

23 issue as false positive which were confirmed after manual review. The comments

were added to justify why the issue was flagged as false positive and/or why it is left

unresolved. Cursor was able to handle chunk of issues at same time by navigating

to correct files and lines to make changes. This experimental process significantly

reduced time effort required to remediate the identified issues as compared to man-

ual estimated work time. The quality of the fixes was confirmed by the developer

involved in maintaining the application under case study, but he pointed out that

one fix has changed the logic which caused new bugs in the file. This highlights the

importance of manual human review in the loop even after fixes are generated by

the AI.

These results validate the core hypothesis developed in this thesis that LLM-

based agentic AI systems can significantly reduce technical debt repayment. Similar

results were seen in a study of Codex based bug fixing experiments [3], [4], [5].

Microsoft’s CORE [45] tool reported success rate of up to 76% in Java projects but

only targeted bug fixing. But, this study also addressed vulnerabilities along with

comprehensive software quality metrics using an agentic-AI system.

However, there are some limitations which were noticed during this experiment.

The AI did not resolve issues related to cognitive and cyclomatic complexities, as well

as the issues like TODO/FIXME, which required more context and domain-specific

decisions. Due to shorter context window, issues were divided into smaller chunks

containing 10 issues per file to manage the context window and easily interpret
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the results of the fixes. Though based on the results, agentic AI offers value in

remediating issues but human oversight is still required for context-sensitive issues.

So, the strategy of AI-assisted remediation with human validation provides a path

forward to incorporate this into software development workflow.

6.3 Study Limitations

While this thesis contributes novel insights about AI-powered technical debt remedi-

ation and maintainability strategies, there are some limitations to this study which

should be acknowledged. Due to time constraints and scope of this thesis, the find-

ings are based solely on single case study application MyFlavoria PWA, which is

a mid-sized React based application. The results may not generalize to other ar-

chitectures, different tech stacks or different programming languages which should

be explored and evaluated to get overall generalized insights of this experimental

approach.

The technical debt remediation process was performed only using Cursor Pro

(which is a state-of-the-art agentic IDE) with Claude Sonnet 4 (advanced and latest

LLM). So, the results obtained in this study are specific to this selected tool and

LLM. Other LLMs such as GPT-4, Gemini etc. may have different performance

capabilities, so the findings of this study do not apply as universal effectiveness

across all AI tools and LLMs.

The primary evaluation of technical debt assessment was measured using Sonar-

Qube and Snyk. Though these tools are widely used but other tools listed in the

previous chapters may have different capabilities in specific domain or language. All

of the listed tools are not tested for identifying technical debt issues, so the results

obtained are specifically tied to the selected tools. Although Snyk was used to iden-

tify vulnerabilities in the code but the depth of the security assessment was limited

since only 4 issues were identified in the application under case study. So evaluation
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of these tools on large-sized enterprise level applications is still not explored. Also,

the process was not end-to-end automated since the remediation workflow required

human validation in the process of the fixes. The reliance on developer judgement

also affects reproducibility across teams with varying experience levels.

Although this thesis did not experimentally analyze the dependency related debt,

but the literature presented it’s strong relevance in the debt accumulation. Tools

were presented in the Section 3.3 to support dependency management tasks but

they were not explored in this study. A future direction could involve combining

static/security code analyzers, dependency updaters along with agentic AI fixers

into an integrated maintainability workflow.

6.4 Future Directions

This thesis has demonstrated the potential of using AI-driven approaches in technical

debt remediation, but there are still many opportunities to expand and improve this

work. First, the proposed methodology could be extended and validated on larger,

enterprise-level codebases and across a broader range of programming languages

(e.g., Python, Java). The current study primarily focused on mid-sized React appli-

cation. So, applying the approach to more diverse and complex real-world software

systems would help assess its scalability and generalizablility in real-world industrial

environments.

Second, as the landscape of the large language models (LLMs) is evolving rapidly,

a comparative evaluation of both closed-source and open-source models would be

highly valuable. Closed-source models such as OpenAI’s GPT-4 and Google’s Gem-

ini are known for their high performance but often lack transparency and flexibility.

In contrast, open-source alternatives such as Mistral, LLaVA, Meta’s LLaMA and

Google’s Gemma offer greater customizability and local deployment capabilities,

which can be advantageous in enterprise or privacy-sensitive environments. Compar-
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ing these models in technical debt remediation process could provide insights about

performance, cost, and limitations which can serve as a base for model selection

suitable for specific requirements of different software development environments.

Third, integrating AI-based remediation tools directly into continuous integra-

tion and deployment (CI/CD) pipelines represents a critical step toward practical

adoption. Integrating the remediation process in CI/CD and maintainability work-

flow along with automated test validation, could enable real-time debt detection and

correction while ensuring the functional correctness of proposed code changes.

In addition, the use of alternative AI-assisted development tools beyond Cur-

sor could also be explored. While Cursor has proven effective in this study, tools

such as WindSurf, Void and Cline (both are open-source) offer distinct user experi-

ences and integration capabilities. Evaluating these tools in the context of technical

debt remediation could provide a broader understanding of how developer-facing AI

solutions support remediation in practice.

Finally, future work could explore the remediation capabilities beyond code-level

issues to include architectural and dependency-related technical debt. These types

of debt often have long-term implications for system maintainability, performance

and scalability. So, AI models may be beneficial in addressing these areas as they

continue to evolve.



7 Conclusion

The primary aim of this thesis was to investigate how technical debt, particularly

related to maintainability and security, can be identified, analyzed, and remediated

using modern tooling and AI-driven approaches. Through an in-depth case study

analysis, this research presented a diagnostic-proactive approach to managing tech-

nical debt by combining traditional tools like SonarQube and Snyk with advanced

agentic AI powered by large language models (LLMs), such as Claude Sonnet 4

integrated into the Cursor development environment. To provide a clear summary

of the study’s contributions, the following paragraphs revisit the research questions

and highlights the key insights gained.

Research Question 1 (RQ1): What development practices contribute to the ac-

cumulation of technical debt in software systems? The findings demonstrate that

technical debt in real-world systems is often not the result of poor coding stan-

dards alone but emerges from a confluence of bad architectural decisions, neglected

outdated dependencies, limited documentation, no test coverage, and short-term de-

velopment priorities. These observations are consistent with earlier classifications of

technical debt introduced in Chapter 2, highlighting both unintentional and short-

term deliberate forms of debt. Recognizing these root causes enables more effective

planning and prevention strategies.

Research Question 2 (RQ2): What strategies can be employed to help reduce long-

term maintainability issues in real-world systems? This study identified multiple
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strategies for mitigating long-term maintainability issues, including early integration

of static and security analysis tools in CI/CD workflows, automated dependency

updates, and the use of AI-assisted remediation agents. These strategies collectively

aim to reduce the manual burden of maintaining code quality over time and reducing

technical debt.

Research Question 3 (RQ3): How available modern tools can be utilized for

technical debt assessment to provide analysis about maintainability, reliability and

security of a software? Modern tools such as SonarQube (static analysis) and Snyk

(security scanning) were shown to be valuable in diagnosing debt, specifically code-

level debt by providing detailed insights into various maintainability metrics includ-

ing cyclomatic complexity, code smells, bugs, and security vulnerabilities. Impor-

tantly, these tools were not only useful for highlighting issues but also served as a

bridge to feed meaningful input into AI-based agents for remediation process, as

they provide detailed issue descriptions, including severity classification.

Research Question 4 (RQ4): How effective is an LLM-powered agentic AI in

remediating technical debt issues identified by static code analysis and security scan-

ning tools in software systems, in terms of resolution rate and accuracy? One of

the most significant contributions of this thesis lies in providing a methodology

for practical demonstration of integrating agentic AI into a remediation workflow.

Claude Sonnet 4 proved capable of resolving a high percentage of identified issues,

particularly those involving code smells, bugs, and low-complexity design flaws. The

AI’s capability to distinguish between the true issues and false positives highlights

the growing sophistication of large language models in software maintenance tasks.

However, limitations were also observed. The AI agent performed well with low

to medium complexity issues but struggled with issues involving architectural deci-

sions, complex logic and domain-specific knowledge. Furthermore, while the agentic

AI was capable of flagging false positives, it required manual human oversight to



CHAPTER 7. CONCLUSION 72

validate some decisions and outputs. This suggests that while agentic AI is power-

ful, a hybrid model that includes human validation remains necessary for safe and

effective adoption in production environments.

From a broader perspective, this research contributes to the evolving field of

AI-assisted software maintenance by proposing and evaluating a novel end-to-end

remediation workflow that integrates static analysis, security scanning, structured

data transformation, and LLM-powered remediation in a real-world case study.

In conclusion, this research demonstrates that technical debt is a manageable

challenge when addressed through a combination of developer awareness, modern

tooling, and AI-driven support. Large language models, particularly when used

within agentic frameworks and integrated with static and security analysis tools, can

meaningfully enhance software maintainability by streamlining remediation efforts

and reducing developer burden. While AI is not a complete solution, its ability to

automate routine refactoring and issue triage enables developers to focus on higher-

level design decisions. Overall, the findings highlight the potential of AI to support

more maintainable and secure software systems.

The journey toward fully autonomous maintainability is ongoing, but this work

provides a practical and forward-thinking step in that direction. Future advance-

ments in agentic AI and context reasoning may eventually allow these systems to

handle more complex forms of technical debt.
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Appendix A Supplementary Scripts

Listing A.1: Script to generate SonarQube issues JSON

import requests

import json

import math

# Configuration

SONARQUBE_URL = "http :// localhost :9000" # Replace with your

SonarQube URL

PROJECT_KEY = "MyFlavoria -Master" # Replace with your project

key

API_TOKEN = "squ_102c2a42268f9e2763ea64a8ca64fef39bc5c77c" #

Replace with your User Token

OUTPUT_FILE = "sonarqube_issues.json"

def fetch_rule_details(rule_key , auth):

"""Fetch rule details to check for remediation suggestions

."""

rule_url = f"{SONARQUBE_URL }/api/rules/show"

params = {"key": rule_key}

try:
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response = requests.get(rule_url , params=params , auth=

auth)

response.raise_for_status ()

rule_data = response.json()

rule = rule_data.get("rule", {})

# Extract remediation message or description if

available

return rule.get("htmlDesc", "").strip () or rule.get("

name", "")

except requests.RequestException as e:

print(f"Error fetching rule {rule_key }: {e}")

return ""

def fetch_all_issues ():

"""Fetch all issues from SonarQube with pagination."""

issues = []

page = 1

page_size = 500 # Max page size allowed by SonarQube

auth = (API_TOKEN , "")

while True:

url = f"{SONARQUBE_URL }/api/issues/search"

params = {

"components": PROJECT_KEY ,

"issueStatuses": "OPEN", # FALSE_POSITIVE (for

Fetching false positive flagged issues)

"ps": page_size ,

"p": page

}



APPENDIX A. SUPPLEMENTARY SCRIPTS A-3

try:

response = requests.get(url , params=params , auth=

auth)

response.raise_for_status ()

data = response.json()

# Extract issues from the response

page_issues = data.get("issues", [])

if not page_issues:

break # No more issues to fetch

# Process each issue

for issue in page_issues:

raw_file = issue.get("component", "")

clean_file = raw_file.replace(f"{PROJECT_KEY }:

", "") if raw_file.startswith(f"{

PROJECT_KEY }:") else raw_file

issue_data = {

"key":issue.get("key", ""),

"description": issue.get("message", ""),

"line": issue.get("line", None),

"file": clean_file ,

"severity": issue.get("severity", ""),

"type": issue.get("type", ""),

"rule": issue.get("rule", ""),

"suggestion": ""

}
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# Fetch rule details for potential fix

suggestion

if issue.get("rule"):

suggestion = fetch_rule_details(issue["

rule"], auth)

issue_data["suggestion"] = suggestion if

suggestion else "No specific fix

suggestion available."

issues.append(issue_data)

# Check pagination

total_issues = data.get("total", 0)

total_pages = math.ceil(total_issues / page_size)

print(f"Fetched page {page }/{ total_pages} ({len(

page_issues)} issues)")

if page >= total_pages:

break # All pages fetched

page += 1

except requests.RequestException as e:

print(f"Error fetching page {page}: {e}")

break

return issues

def save_to_json(issues):
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"""Save issues to a JSON file."""

output_data = {

"project": PROJECT_KEY ,

"total_issues": len(issues),

"issues": issues

}

try:

with open(OUTPUT_FILE , "w", encoding="utf -8") as f:

json.dump(output_data , f, indent=2, ensure_ascii=

False)

print(f"Saved {len(issues)} issues to {OUTPUT_FILE}")

except IOError as e:

print(f"Error saving to file: {e}")

def main():

print("Fetching issues from SonarQube ...")

issues = fetch_all_issues ()

if issues:

save_to_json(issues)

else:

print("No issues found or an error occurred.")

if __name__ == "__main__":

main()

Listing A.2: Script to combine SonarQube and Snyk issues

import json

def load_issues(file_path):
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"""Load issues from a JSON file."""

try:

with open(file_path , "r") as f:

data = json.load(f)

return data.get("issues", [])

except FileNotFoundError:

print(f"File {file_path} not found")

return []

except json.JSONDecodeError:

print(f"Error parsing {file_path}")

return []

def combine_all_issues(sonarqube_file , snyk_file , output_file)

:

"""Combine all issues from SonarQube and Snyk JSON files

without limits."""

sonarqube_issues = load_issues(sonarqube_file)

snyk_issues = load_issues(snyk_file)

combined_issues = sonarqube_issues + snyk_issues

with open(output_file , "w") as f:

json.dump({"issues": combined_issues}, f, indent =2)

print(f"Combined all issues written to {output_file} ({len

(combined_issues)} issues)")

if __name__ == "__main__":

sonarqube_file = input("Enter SonarQube JSON file path: ")

snyk_file = input("Enter Snyk JSON file path: ")
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output_file = "combined_issues.json"

combine_all_issues(sonarqube_file , snyk_file , output_file)
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