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Abstract

Static code analysis tools such as SonarQube are widely used to identify maintainability, reliability,
and security issues, including code smells, bugs, and vulnerabilities. However, it remains challeng-
ing to characterize how these issues evolve over time in open-source systems, how they relate to
developer activity, and how they can be detected and prioritized more effectively in practice. This
thesis investigates these questions with a primary focus on open-source Python projects.

To enable the empirical studies, a repository-mining tool (PyDs Builder) and an open-source
dataset (the Python Software Quality Dataset) are introduced to collect and integrate quality-related
artifacts from version control and static analysis tools. Using these resources, a longitudinal analysis
of SonarQube issues is conducted, showing that code smells represent the majority of reported is-
sues and persist across releases, while bugs and vulnerabilities are less frequent and more unevenly
distributed across projects.
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Developer behavior is examined through commit-aware analyzes. Commit messages are clas-
sified into Conventional Commit Specification categories using large language models, supporting
analyzes of how different types of development activity correlate with observed issues. In addi-
tion, commit burstiness is analyzed to assess whether rapid development periods are associated
with changes in issue prevalence. Cross-language transferability is explored by comparing Python
and JavaScript Abstract Syntax Trees for ten shared SonarQube rules using both NLP-based similar-
ity measures and tree-edit distance; the results indicate that meaningful similarity is largely limited
to simple, language-independent rules and that ASTs alone are often not enough to support cross-
language rule transfer.

Finally, the thesis synthesizes prior work via a systematic literature review on artificial intel-
ligence in refactoring (and vise versa), investigates refactoring prediction based on technical debt
issues, and evaluates machine learning models for code smell detection in Python, where highly
imbalanced data plays a central role in model performance.

Overall, the thesis contributes datasets, methods, and empirical evidence for long-term, commit-
aware assessment and automation of software quality analysis in open-source projects, that benefits
both researchers and developers.
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Introduction

Context

Software quality explains how well software performs, fits its purpose, and is maintained. In the
context of this thesis, the software quality dimension is split into three main threads [fSC21]: maintain-
ability, reliability, and security.

Software quality needs to be measured [Ber16] using metrics. The best way to measure it automat-
ically is through static analysis tools (SATs) like SonarQube [Son24a] and PyLint [PyL23]. SonarQube
is extensively explored in scientific works ([LLTH19, LST19a, LLHT20]) and used in our open-source
software (OSS) studies.

Based on these measurements, programmers modify code through refactoring, changing the in-
ternal structure without altering behavior to make it easier to understand and cheaper to modify
[Fow99].

Developer intent is another important aspect, shared through Git [git] commits. The classification
of developer intent evolved from Swanson’s three categories [Swa76] to the ten granular categories
of the conventional commit specification (CCS) [ZZQL25].

The research path of this thesis goes from building a mining tool and an open-source dataset to
using Artificial Intelligence to classify commit messages. Finally, we run ML models to predict Code
Smells and identify differences and resemblances between Abstract Syntax Trees (ASTs) in different
programming languages.

Motivation

The rise of collaborative software ([KS07]) has led to numerous OSS projects spanning multi-disciplinary
domains and using different programming languages. This diversity faces a significant threat: vul-
nerabilities and bugs. The discipline that can prevent further harm is software quality [SGK+09].

While many experiments exist for Java ([LLTH19], [LST19a], [ALRT19]) and SonarQube’s capa-
bilities ([LLHT20]), I observed a gap regarding software quality in Python. In Python, most defects
are code smells [CCMX16]. Furthermore, SonarQube rules for Python [Son24a] were almost half the
number of Java rules, and available datasets were limited. We decided to create a vast Python dataset
to analyze how SonarQube performs. This leads to our first objective, Objective 1: analyze software
quality attributes and their long term evolution in software projects.

The second motivation comes from the advent of LLMs and developer intent. For Github [git],
we chose to focus on commits as they are one of the most granular units of intent. Different works
categorize commit messages into multiple categories [Swa76], while others use a more granular tax-
onomy [ZZQL25]. The open-source space allows for analyzing long periods of time and creating
longitudinal studies [MM20b]. As described in [ZZQL25], LLMs can classify commit messages with
higher throughput than manual classification, achieving considerably high precision (76%). This
leads to our second objective, Objective 2: the use of AI technologies for the longitudinal assess-
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ment of software quality issues over time.

Contributions

The goal of this thesis is to advance the domain of Software Engineering, especially regarding Soft-
ware Quality, combined with Artificial Intelligence. The contributions are divided into three main
parts, as presented in the following enumeration:

• Part 1: Foundations

– PyDs Builder and dataset development [Ber25]: We present PyDs Builder, a Python-
based tool for mining and analyzing quality-related artifacts. The thesis details its engi-
neering process and deployment to produce the public Python Software Quality Dataset
[MBP24], spanning SonarQube issues, code metrics, refactoring histories, and commit
pairs for over 90 open-source projects.

• Part 2: Code Issues

– Longitudinal Analysis of Source Code Issues in Python Projects [BMM26b]: Analyzing
57 open-source Python projects across a decade reveals that static analysis issues main-
tain a stable presence over time. Code smells, bugs, and vulnerabilities tend to cluster in
specific project phases, underscoring the importance of continuous quality assessment.

– Source Code Commit Classification in Python using Large language models [BMPM25]:
Using a fine-tuned large language model, we classified over 90,000 commits with high ac-
curacy. The contribution uncovered that documentation, bug fixes, and feature additions
dominate, facilitating precise analysis of how commit types correlate with static analysis
issues.

– Commit Burstiness and Its Impact on Source Code Quality [LMBM]: Burst periods of
rapid, successive commits are generally associated with a lower incidence of static analysis
issues. Focused development during burst periods fosters better code quality, while non-
burst phases exhibit a higher rate of issues, underscoring the importance of disciplined
commit patterns.

– AST Similarity of Code Quality Issues in Python and JavaScript [RDPM]: We compared
the Abstract Syntax Trees (ASTs) of code fragments inducing shared SonarQube rules in
Python and JavaScript. Results reveal that only simple, language-independent rules ex-
hibit high cross-language AST similarity. Complexity-driven rules show consistently low
similarity, demonstrating that ASTs alone are insufficient for cross-language rule transfer.

• Part 3: Code Smells

– Systematic Literature Review on AI in refactoring [MBM24]: We conduct a systematic
review of artificial intelligence methods applied to software refactoring, mapping the re-
search landscape to identify dominant trends and underexplored challenges.

– Predictive Models for Maintainability and Refactoring: [BM23] We propose supervised
machine learning approaches for forecasting maintainability and refactoring requirements.
The ExtraTrees classifier yields high accuracy, providing actionable insights for targeted
maintenance and technical debt management.

3
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– Evaluating Intelligent Models for Code Smell Detection [VAMM]: This contribution
evaluates seven machine learning models and a genetic algorithm for detecting ten major
code smells in Python. The study demonstrates that traditional classifiers such as kNN
and Naive Bayes frequently outperform deep learning models for specific code smells.
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I.1 Theoretical Background

As with any piece of research, it is important to grasp the theoretical aspects that surround it. In
this chapter, we will try to underline some of the most important concepts of software quality that
will introduce the basic concepts and notions used in this thesis. We will explore a more technical
view of the foundations consisting of static analysis and its purpose, the tools that are built out of the
static analysis concept, what datasets are and how they help researchers worldwide, how developer
intent and development practices can be figured out through commit classification, how rushing when
writing code may introduce software issues through commit burstiness , and what software refactoring
is and how it is indispensable to the software development process.

I.1.1 Static Analysis

Static analysis is a software engineering method that allows developers to identify potential issues
by automatically scanning the codebase for its structure, syntax, and semantics. It offers insight
into software quality without the actual need to execute the code. This method is implemented by
creating a software tool which utilizes abstract syntax trees (ASTs) and heuristics.

From a historical viewpoint, static analysis emerged in the 1970s. Basic correctness checks were
separated into dedicated tools with the creation of Stephen C Johnson’s lint [Tho21], one of the first
widely used tools to detect patterns in C code. In parallel, theoretical computer science developed
general frameworks such as abstract interpretation [CC77], which provided a rigorous foundation
for approximating program behavior.

Static analysis has evolved from simple syntax-level checks to a diverse ecosystem of tools ana-
lyzing security, reliability, and maintainability. Different kinds of problems, which we will call issues,
have started to appear. For security, the issues are called vulnerabilities, which a malicious actor can
use to damage the owner. For reliability, the issues are called bugs, representing an abnormal way
for a system to behave. On the side of maintainability, the issues are called code smells, which corre-
spond to source code that works but is hard to understand and change. It is important to clarify that
tool-defined code smells are not the same as those defined by Fowler [Fow99]. Fowler’s code smells
indicate a deeper design problem, while static analysis tools define finer-grained checks that harm
understandability but are not necessarily bugs or vulnerabilities.

The counterpart is dynamic analysis, which involves scanning the software while it is running.
Dynamic analysis does not constitute the subject of our thesis, as we solely focus on static analysis.
We will continue by examining some tools that have greatly contributed to the software quality
ecosystem.

I.1.2 Static Analysis Tools

A static analysis tool examines the source code of another program to detect issues. We will mainly
focus on the three categories of maintainability, reliability, and security.

The tool parses the code into an abstract syntax tree (AST) and applies heuristics for control-flow,
data-flow, and semantic checks [Dat25]. The results are reported as issues and displayed in different
forms, such as IDE widgets, desktop platforms [ST24], and web platforms [Son24a].

6



CHAPTER I.1. THEORETICAL BACKGROUND

An important component of code issues is code metrics. Metrics denote quantitative measures
computed using static formulas on the parsed code. Based on established thresholds, a combination
of metric values constitutes a violation. Let’s take the example of cognitive complexity [Sonnd]:

(V (G) = e− n+ 2p)

If the result is > 15, it will trigger a code smell rule.
There are multiple tools that fit the category of SATs:

• Sonarqube: a popular tool with multi-language support for detecting code issues and comput-
ing metrics [Son25a].

• Understand: a commercial tool supporting dependency graphs and OOP metrics [ST24].

• PyLint: a Python-specific linter following PEP8 conventions and detecting code smells [PyL23].

• PySZZ: an open-source Python tool for identifying bug-inducing commits.

• Radon: an open-source Python tool that computes metrics such as cyclomatic complexity [Rub24].

SonarQube enhances software quality standards [Son24a] by detecting issues through a rule-
based pipeline and shifting towards ”Clean Code” principles. Understand [ST24] provides a detailed
view of code structure and extracts object-oriented metrics to offer insights into potential design
flaws [CK94]. PyLint checks Python source code against coding standards and generates categorized
messages with severity levels to help the developer. PySZZ [RPS+23] produces defect-tracing met-
rics to determine which commit most likely introduced a bug. Radon [Rub24] uses custom checkers
to extract metrics for detecting code smells.

These tools comprise the technical base that allows us to write our studies. Throughout this thesis
we will particularly use Python tools, with some studies also focusing on Java [BM23] and JavaScript
[RDPM].

Programmers need to pay special attention to false positives. A false positive is a reported issue
that matches a rule syntactically, but is actually correct in the real context of the code and does not
require a change [Son25b].

I.1.3 Commits Study

A commit represents a logical, atomic unit of change to the source of a codebase. A developer mod-
ifies files to achieve a specific purpose, such as implementing a feature or fixing a bug. Git commits
act as a snapshot of the codebase at a specific moment in time, allowing for easy version switching
and tracking.

The component parts of a commit are as follows:

• Hash ID: the unique identifier of the commit.

• Object Tree: represents the content of the commit, containing file blobs and the directory tree
structure. Git stores the entire file system.

• Metadata: the context of the commit, including the author, the committer, and the timestamp.

• Parent Pointer: the reference to the preceding commit.

• Message: the human readable description of the changes. It is often overlooked, leading to
unclear descriptions.

7



Commit classification represents the action of assigning a specific taxonomy to a commit message
to interpret development activities and enhance code quality. This helps with software maintenance,
which modifies a program after delivery to ensure it works correctly.

Swanson’s work [Swa76] represents the traditional categorization of software maintenance: cor-
rective (addressing defects), adaptive (responding to changing environments), and perfective (improv-
ing functionality).

While investigated by many studies [Hs23, HBS22, MV00], these traditional categories lack the
granularity needed for deeper analysis [CHK+01]. Recent research [ZZQL25] emphasizes a finer
granularity in commit classifications.

The Conventional Commit Specification (CCS) [Con20] offers a more structured framework to
classify commits. It facilitates a deeper understanding of a commit’s purpose and helps teams asso-
ciate commit types with software quality metrics.

Commit bursts are periods of rapid, successive commits focused on particular components. They
are indicators of potential defects and are associated with a heightened probability of defects ([NMB10,
XF14, WNLB22]). Erratic bursts prompt hurried code changes, resulting in reduced quality or the ac-
cumulation of technical debt.

Commit classification and commit burstiness complement each other to form a closer-to-reality
portrait of how software quality evolves. The developer intent and time windows of actual code
uploads offer an overview of how writing code in a hurry influences the appearance of defects in
different commit categories.

I.1.4 Software Refactoring

Software refactoring restructures a software system’s internal structure without altering its external
behavior [Fow99]. It focuses on reducing technical debt, improving maintainability, and optimizing
efficiency.

Early programming lacked deliberate code improvement, risking tangled logic. In the 1970s,
Lehman’s Laws of Software Evolution [Leh80] showed that systems must continuously adapt (Continu-
ing Change) and that internal complexity grows unless developers deliberately reduce it (Increasing
Complexity).

The term refactoring first appeared in 1990 [OJ90] and in Opdyke’s 1992 thesis [Opd92], and was
independently addressed by Griswold [Gri91]. It gained widespread recognition in 1999 through
Martin Fowler [Fow99] and Kent Beck [Bec99].

Automated support began with the Smalltalk Refactoring Browser in 1997 [RBJ97]. These tools op-
erate on Abstract Syntax Trees (ASTs) to perform safe transformations. Modern IDEs and tools now
seamlessly combine static analysis and artificial intelligence. PyRef [ALT+21] is an automated tool
used in this thesis to mine refactoring data from Python projects. It analyzes git history and trans-
forms modified files into ASTs to identify operations. Other tools that identify refactoring include
RefactoringMiner 1, RefactoringCrawler 2, and RefDiff 3. Analyzing refactoring in OSS projects al-

1https://github.com/tsantalis/RefactoringMiner
2http://dig.cs.illinois.edu/tools/RefactoringCrawler/
3https://github.com/aserg-ufmg/RefDiff
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lows researchers to validate whether these changes actually improve code quality.

I.2 PyDs Builder: A dataset builder and mining tool

Repository mining is a foundational practice in empirical software engineering, but the available
tools often impose constraints on the kinds of data that can be extracted, the static analysis tools
that can be integrated, or the scale at which they can operate. In this chapter, we present PyDs
Builder (acronym for Python Dataset Builder), a web- and API-based repository-mining tool built in
Python with the Django framework, designed to address these limitations and help us in building
our datasets. The results of this chapter are published in [Ber25], and the main scientific contributions
is the creation of the application artifact [Ber24].

I.2.1 Motivation

Open-source software (OSS) projects have seen a constant increase in popularity [MP12]. Made freely
accessible on platforms like GitHub, they invite a broad audience to utilize the software. The inte-
gration of versioning systems facilitates collaborative development and preserves a comprehensive
history of the project’s evolution, providing insight into development practices and enriching the
research landscape [KS07].

Researchers have focused on the assessment of software quality, which refers to the degree to
which a software product meets requirements in a reliable, efficient, and maintainable manner. The
large number of OSS projects has allowed researchers to review software quality transparently [SGK+09].

Evaluating software quality requires high volumes of information. Here, data mining comes into
play [CSS13], implying tools that extract experiment data. Examples include analyzing technical debt
[LST19b] and studying maintainability [MM21]. Applying artificial intelligence also requires large
amounts of mined data [Wan18], such as mining Github commit messages [KCA21] and automating
bug detection [ESK18]. Repository mining involves custom software solutions. Some extract issue
tracker data [JSM21] and [FMNL21], while others offer a wider range of extraction methods [SAB18].

This subchapter outlines an experience report for designing a repository-mining tool created for
extracting datasets from systems like GitHub. The primary objective is to present a design proposal
and provide an open source artifact [Ber24] called PyDs Builder. We provide an experiment scenario
to demonstrate its effectiveness and suggestions for empirical research studies. The insights gained
offer valuable lessons on designing scalable data mining tools.

The tool consists of two main parts. The first implies extracting issue tracking and overall project
data from Github. The second implies running software quality tools such as SonarQube [Son24a]
and SZZ [RPS+23] to refine the dataset and offer insights into software quality attributes. Both parts
are essential for successfully building a dataset.

I.2.2 Tool design

Extracting data consistently for experiments often leads to the need to create a software solution.
Structuring and normalizing large amounts of data involves employing different algorithms to scan,
extract, and aggregate information. Instead of using different software tools that necessitate more
effort, we report the experience of creating a solution that aggregates data from different streams
into one uniform format that can be extended as researchers see fit.
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An important aspect is to decide what data formats are supported. Data extracted via API re-
quests or files (JSON, CSV, YAML) are processed into a single, uniform standard. We see the need to
support data conversion into a standardized format, such as SQL, that enables complex queries and
can scale as the amount of data increases.

Another important issue is the automation of data extraction. Implementing automation through
task queues allows continuous data processing without constant supervision. Furthermore, the so-
lution should be implemented in a popular programming language to ensure quick adoption and
extension.

Obtaining the data in the desired format should allow further processing by feeding them to a
data pipe of custom tools. The data obtained from the execution of the tools will then be saved in the
same uniform structure. In conclusion, the decision about flow is important.

I.2.3 PyDs Builder Solution

We introduce a data mining tool focusing on the guidelines underlined above: automation of data,
format specification and flow decision.

PyDs Builder is a web, API-based solution built using Python and Django Framework that aims
to offer a way for researchers to create experimental datasets.

Its main focus is extracting repository data from versioning systems, initially offering support for
Github. Data is processed into the desired form and inserted into a custom database, following a pre-
established SQL schema. Data can be processed further by custom tools to complete an experiment’s
data acquisition goals, and then used for publishing a new dataset or feeding the data into an artificial
intelligence solution.

An overall overview of the solution features is enumerated as follows:

• Allow tool interaction through an API interface

• Extract Github repository data such as issues, issue timelines, commit details, and source code

• Execute software quality tools such as SonarQube [Son24a], SZZ [RPS+23] and PyRef [ALT+21]
and ensure data persistence

• Provide automation for fast data processing

• Allow contribution and code extension through project modularity and intuitive programming
interface.

I.2.4 Conclusions

Data mining and open source project analysis have been important subjects in academia due to data
availability. This subchapter started with the motivation of creating PyDs, a Python with Django
Framework solution that enables researchers to generate datasets primarily focusing on software
quality attributes experiments. We have covered the conceptual design, implementation steps, and
provided detailed instructions for setting up and using the application. Finally, we have explored
potential avenues for extending the application and shared our experience.

The subsequent stages involve its practical implementation in research projects. PyDs allows
researchers to utilize it for data extraction in popular software quality tools such as SonarQube and
SZZ. Currently, PyDs only supports Github, but there are future plans to integrate with Jira and
extract CI/CD data from Jenkins. In the end, PyDs Builder has been successfully utilized to create
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a dataset focused on open-source Python projects [MBP24], highlighting its flexibility and practical
utility.

I.3 The Python Software Quality Dataset

Datasets are one of the most important pillars of a successful empirical study. As we wanted to focus
our efforts on studying how software quality evolves in Python OSS projects, given that we built the
tool from chapter I.2, and that Python datasets were sufficiently scarce in the literature ecosystem, we
considered it necessary to build our own dataset, which will be used by us and by other researchers
who might deem it useful for their purposes. This chapter presents the study [MBP24] that was done
in collaboration with PhD students Vasilica-Andreea Moldovan and Rares Patcas. My contributions
were setting up the criteria for project selection, running the PyDs Builder from chapter I.2 in order
to extract data from the different tools, setting up the database architecture and the dataset creation
overall.

I.3.1 Motivation

Software engineering has experienced significant growth, making Software Quality a domain of par-
ticular interest. It elevates overall software quality by enhancing functionality and correctness, help-
ing to reduce risks associated with bugs.

To gain a deeper understanding of the code, static analysis identifies potential issues without
execution. A consequential outcome is the identification of technical debt, which refers to the accu-
mulated cost of suboptimal development decisions that lead to defects and complexity. Furthermore,
software refactoring serves as a methodical approach to code cleanup, altering the internal structure
without affecting external behavior to mitigate errors.

Numerous studies and datasets, such as [LST19b], [SK21], and [SSM05], have been compiled, but
they primarily focus on Java. As Python has emerged as a strong competitor [Sri17], it prompts the
consideration of studying Python projects in a similar manner.

Creating a comprehensive Python dataset is important to provide insight into software develop-
ment practices and facilitate new studies on predicting technical debt, identifying refactoring oppor-
tunities, and evaluating software quality.

The objective of this study is to use the repository-mining tool from Chapter I.2 to create a compre-
hensive dataset [LB24] for Python projects. The dataset contains information for 92 Python projects,
comprising 51.805.677 SonarQube issues, 324.969 SonarQube code quality metrics, 12.301 software
refactoring records, 16.177 pairs of bug-inducing and bug-fixing commits, and 863.931 entries from
the GitHub issue tracker.

I.3.2 Methodology

The methodology employed for constructing the dataset presented in this chapter draws upon var-
ious approaches documented in the field of Software Engineering, as discussed in prior works such
as [RTLR18] and [LS08]. Furthermore, similar methodologies have been applied in several studies
documented in the literature, including those referenced in [ODA+15] and [VSM13].
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I.3.3 Inclusion/exclusion criteria

To identify projects for analysis and storage of results in the database, several criteria were system-
atically evaluated. Only open-source projects were scrutinized to ensure accessibility for validation.
We have chosen projects that have Python as the dominant codebase, as we focus only on Python
projects. We considered that at least three releases ensure structural stability and comparison points.
The projects needed to have at least 50 issues in order to facilitate the SZZ algorithm and capture
project complexity. The threshold of commits was set to 500, to ensure sufficient development activ-
ity. In the end, a minimum maturity of at least 3 years was required, in order to exclude unstable,
early-stage projects. The considered criteria are concisely presented in Table I.3.1.

Criterion Threshold
Python Code Usage ≥ 50%

Project Releases ≥ 3
Number of Issues ≥ 50

Number of Commits ≥ 500
Project Age ≥ 3 years

Table I.3.1: Selection Criteria for Python Projects

I.3.4 Tools and Dataset Overview

The main tool used to create the dataset is PyDs Builder I.2, utilizing separate application modules
and PostgreSQL [Pos23] for its high performance and parallel connection handling. We extracted
data using SonarQube for its industry popularity, PyRef for its notable refactoring extraction perfor-
mance [ALT+21], and PySZZ to find bug-inducing commits. This dataset encompasses an analysis of
92 open-source Python projects, where SonarQube unveiled 51,805,677 technical issues and 324,969
software quality metrics. Additionally, PySZZ yielded 16,177 pairs of bug-inducing and bug-fixing
commits across 50 projects, while PyRef identified 12,301 instances of software refactoring across 52
projects. The final dataset is publicly available at [MBP24].

I.3.5 Conclusions

The objective of this chapter was to establish a comprehensive dataset encompassing factors that
influence code maintainability. We focused on Python projects due to the language’s prominence.
The dataset includes technical debt issues, software quality metrics, pairs of bug-inducing and bug-
fixing commits, and executed software refactoring processes.

Specialized tools extracted the data: SonarQube for static analysis, PyRef for executed refactor-
ings, and PySZZ to gather information about pairs of bug-inducing and bug-fixing commits. These
tools were integrated into a framework with a PostgreSQL database.

Projects with ambiguous errors during analysis were omitted. Our primary objective was to
compile diverse data rather than attempting to rectify analysis issues.

The outcomes will empower researchers to conduct diverse investigations utilizing a shared
dataset. Future research can explore various quality dimensions, such as technical debt and code
smells, alongside potential causal relationships between software refactorings, bug commits, and
technical debt issues.
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Part II

Code Issues
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II.1 A long-term exploratory study of source code qual-

ity issues in open-source Python projects

Empirical research targeting software quality has resulted in a consistent body of work, especially
with the help of automated tools that allow researchers to mine large amounts of data. However,
we find that many of these efforts provide cross-sectional or only short-term longitudinal analyzes.
Furthermore, they are often focused on a single, and in most cases, statically typed language such
as Java. In this subchapter, we aim to broaden the horizon of existing efforts by exploring the com-
position, distribution, and evolution of source code quality issues in complex, open-source Python
projects. We employ the SonarQube static analysis tool on a dataset comprising 3,656 individual
releases of 57 Python projects. We explore the impact of these issues on software maintainability,
reliability, and security, investigate the evolution of these issues over the long term, and compare
our results with those in the literature. Our findings are thus compared with existing research tar-
geting both Python and Java. The resulting data is published and open source to help replicate the
investigation and contribute to building open and large-scale datasets for research.

This chapter presents the study [BMM26b] that was conducted in collaboration with my supervi-
sor, professor Simona Motogna, and associate professor, Arthur Molnar. My contributions were data
curation, namely data extraction and processing, focusing on data analysis and answering the RQ3
of the study by running the Spearman correlation and the creation of the dataset artifact [BMM26a]
for the scientific community.

II.1.1 Motivation

Collaborative platforms like GitHub have been widely adopted for software development. In this
process, our focus is represented by the quality of software. Source code analysis uses traditional
and object-oriented metrics [AAM16, GFS05], as well as static analysis [dPB+23, Mol20, DACA22,
MM22]. SonarQube is the most widely used tool [Ao21] due to its comprehensive analyzes. Apply-
ing it to successive releases provides historical data on different quality indicators that can serve as
an identification of various bad practices.

The motivation of this subchapter lies in covering an empirical research gap. While literature
extensively covers Java projects [LST19a, MM20a, DACA22, NCK+19], few studies address Python
[TFAL21, TFA20]. We correlate source code modifications and SonarQube issues, focusing on the
overall distribution of software quality categories. Java is statically typed and object-oriented, while
Python is dynamically typed. This directly impacts SonarQube’s rule applicability, meaning that
rules common to both languages manifest differently. This motivates the need of a dedicated longi-
tudinal study of Python codebases to better understand the evolution of their code quality.

In order to achieve our goal, we used an extensive dataset of 57 Python projects to extract source
code metrics and code quality information using SonarQube.

Our original contributions can be summarized as:

• Large longitudinal study of Python quality issues comprising 57 projects and 3656 releases
over 10 years;
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• Commit-level correlation analysis allowing tracking of the long-term evolution of quality is-
sues and relation with basic modifications;

• Contribute to the understanding of the SonarQube tool itself by analyzing how recent changes
in its taxonomy impact issue detection.

II.1.2 Study Design

Objective and Research Questions

We define this chapter as a quantitative longitudinal case study [Ral21, KK15, MMD11] to observe,
describe and explain SonarQube issues. It encompasses 57 Python projects, each having at least 6
investigated releases [KK15], and over 70% spanning at least 3 years.

Using the Goal-Question-Metric approach [BCR94], our objective is to investigate the composi-
tion, distribution and evolution of static analysis issues in open-source Python projects, and compare
them with Java projects. We operationalize it via:

• RQ1: What is the composition of static analysis issues?

• RQ2: How are static analysis issues distributed in the application source code?

• RQ3: What is the evolution of source code over the long term with regards to static analysis issues?

• RQ4: How does the composition of static analysis issues in the studied projects compare with existing
results from the literature?

Through RQ1, we targeted understanding how code smells, bugs, and vulnerabilities were dis-
tributed, and their impact on maintainability, reliability, and security [Son24a]. With RQ2, we ana-
lyzed the distribution of SonarQube issues to provide prioritization recommendations by explaining
which rules produced the highest number of issues. Through RQ3, we intended to examine issue
evolution over the long term alongside project metrics. Finally, RQ4 compares the composition of
uncovered issues with related work, examining frequent findings and discussing threats to validity.

II.1.3 Results and Discussion

RQ1: What is the composition of static analysis issues?

We started by analyzing the types of issues returned by SonarQube. Code smells represented, on
average, 96.67% of all reported issues, with bugs at 3.08% and vulnerabilities at 0.25%. The majority
of projects have a moderate to small number of code smells, indicating good code quality. There is a
considerable variance in the average number of bugs per project. Vulnerabilities were rare, except in
a few projects: ansible, sqlalchemy, scrapy and plex-trakt-scrobbler.

Finding 1: Code smells represent a wide majority of code issues detected in Python projects. Higher
occurrences of bugs or vulnerabilities represent isolated cases of low quality, not a trend.

Starting with version 8.6, SonarQube introduced clean code attributes. Maintainability issues
dominate (89.80%), whereas reliability (7.42%) and security (2.76%) represent smaller proportions.
Differences in security distribution appeared in outlier cases like matplotlib and keras due to rules
classified as code smells that have an additional low impact on security.

We explored whether quality issues depended on project size using lines of code (LOC). While
visual inspection suggested project quality is not directly related to size, a per-project Spearman rank
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correlation (p < 0.05) showed that as size increases, issue count also increases for maintainability,
reliability, and security counts.

Finding 2: SonarQube’s count metrics provide precise insights into maintainability, reliability, and secu-
rity. Per-project Spearman correlations show that LOC is generally positively associated with issue counts,
and projects with lower quality often exhibit multiple quality concerns concurrently.

Key Action Point 1: Code smells dominate quality issues, but bugs and vulnerabilities should be
prioritized first. Recurring code smells in certain projects suggest quality issues might be inherited
from third-party components.

RQ2: How are static analysis issues distributed in the application source code?

We aim to investigate how SonarQube issues are spread in the projects. Previous studies suggested
[LST19a, MM22, WM18] that a small subset of rules were responsible for most issues. For each
application, we considered the top 10 rules that generated issues, leading to a list of 73 rules.

Three rules generating code smell issues appeared in the large majority of the 57 analyzed projects:
S3776: Cognitive Complexity of functions should not be too high (critical severity), S1192: String literals
should not be duplicated (critical severity) and S1481: Unused local variables should be removed (minor
severity). Furthermore, rules S117 and S1192 generated a considerable number of total issues.

Combining the distribution and severity of these rules, a small set requires special attention:
S1192, which hides bad design decisions, and S3776, which makes impacted code difficult to under-
stand.

Finding 3: There is a small number of SonarQube rules that tend to appear in the majority of Python
projects and that are responsible for the majority of code issues, with a high impact on maintainability.

Key Action Point 2: The majority of issues arise from a small set of rules, pointing out cognitive
complexity and bad design. These results can be used to prioritize issue resolution.

RQ3: What is the evolution of source code over the long term with regards to static
analysis issues?

In this subsection, we explore the relationship between software quality (SQ) and commit changes
over time. All selected projects were analyzed over their entire lifespan, with 90% spanning between
3 to 10 years. The primary goal was to investigate the correlation between the changes brought by
commits and the evolution of software quality issues, informing whether frequent modifications lead
to improvement or degradation [BASB17, KRS13, TEHG23].

We calculated the Spearman coefficient between commit metrics (code changes and file changes)
and software quality metrics for each repository. Out of 342 total computed coefficients, we focused
on statistically significant results (p < 0.05). After filtering, we retained 77 coefficients from 23 repos-
itories, drawing from a solid sample size of 3202 entries [Buj24].

Finding 4: Over 70% of projects show a correlation between file count or code changes and SonarQube is-
sues associated with software quality attributes. Quality attributes associated with maintainability, reliability,
and security exhibit medium variation during the development period of the projects.

Key Action Point 3: Regularly iterating over source code design and implementation is correlated
with improvements to source code quality, particularly for aspects related to maintainability and
security.
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RQ4: How does the composition of static analysis issues in the studied projects
compare with existing results from the literature?

To address this research question, we compared the SonarQube issues in our dataset with existing
empirical studies. A rigorous comparison is constrained by differences in methodology, SonarQube
versions, rule configurations, and selected projects. These factors, alongside the evolution of Sonar-
Qube’s rules and language-specific differences, limit cross-study comparability. However, our anal-
ysis confirms that maintainability-related rules dominate issue counts across all studies. Most no-
tably, S3776 (high cognitive complexity) and S125 (commented-out code) repeatedly appear among
the most frequently violated rules in both Java and Python systems.

Finding 5: There exists significant overlap between the rules generating the most issues across existing
studies. Excessive cognitive complexity (S3776) and commented code sections (S125) appear prevalent across
both Java and Python projects.

Key Action Point 4: Some issues detectable using static analysis tools are common across projects
and languages. Developers can improve code quality by configuring the applied rules and prioritiz-
ing resolution efforts towards issues having high importance.

II.1.4 Conclusions

The findings provide insight into the characterization and evolution of source code quality issues in
open source Python projects. The large-scale longitudinal exploration and the comparative analysis
with Java contribute to understanding Python specific dynamics of code quality.

One key observation is the dominance of code smells, with bugs and vulnerabilities being far less
frequent. As code smells are a major cause of technical debt accumulation [DACA22, MM20a], this
study underscores the most common rules violated and can be used as a guideline when prioritizing
issue resolution during software development and code refactoring.

Lastly, we found that frequent code changes were associated with improved quality metrics in
a subset of projects (≈40%), while most showed no significant relationship. This highlights that
the effect of commit activity is project-specific, meaning continuous monitoring of quality indicators
remains important.

For researchers, the results provide empirical evidence on the composition and long-term evo-
lution of SonarQube issues for Python, alongside a comparison against Java. For practitioners, the
study raises awareness on the most frequent code smells, bugs, and vulnerabilities, enabling proac-
tive action to prioritize the most important issues based on their severity and impact.

II.2 Exploring the relation between source code com-

mit information and SonarQube issues

This chapter represents the second part of code issues analysis, in which we explore how conven-
tional commit specification categories are distributed between software releases. We analyzed 2,600
software release pairs of 57 Python open-source projects and employed large language models to
label 90,318 commits. We identified which commit types are predominantly responsible for intro-
ducing SonarQube issues and explored the relationship between commit types and clean-code at-
tributes affected by quality issues. We also published the resulting dataset so it can be used by other
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researchers.
This study was done in collaboration with my supervisor prof. Simona Motogna, PhD student

Oskar Picus and associate professor Arthur Molnar. My contributions were on the methodology, data
collection and analysis, investigating research questions one and two, conclusions and the creation
of the dataset artifact [BMMP25]. The article was accepted for publication at KES 2025 [BMPM25].

II.2.1 Motivation

Collaborative software development relies on the efficient management of code contributions through
structured commits. Commit classification provides a systematic way to interpret development ac-
tivities, measure their impact, and enhance overall software quality.

Traditionally, software maintenance activities have been categorized into three primary types: cor-
rective, adaptive, and perfective [Swa76]. While investigated by multiple studies [Hs23, HBS22, MV00],
these categories lack the granularity needed for deeper analysis [CHK+01]. Consequently, recent
research [ZZQL25] emphasized a finer granularity in commit classifications to better understand the
development process.

The Conventional Commit Specification (CCS) [Con20] was introduced, offering a structured
framework to classify commits beyond traditional maintenance categories. CCS facilitates a deeper
understanding of development activities, enabling teams to associate specific commit types with
software quality metrics.

In this chapter, we explore how commit classifications correlate with software quality issues
identified by the SonarQube [Son24a] static analysis tool, chosen because of its prevalence [TFA23,
DLA+18, TFAL21]. We aimed to investigate commit classifications and their impact on software
quality by examining the distribution of CCS categories. We identified which commit types were
predominantly responsible for introducing SonarQube issues and explored the relationship between
commit types and clean code categories [Son24b]. We hypothesize that understanding the types of
changes associated with quality issues may help developers better manage technical debt.

II.2.2 Study Design

We refine our objective using the following research questions:

• RQ5: What is the distribution of commit types among commits between releases? As the CCS clas-
sification gained increased attention [ZZQL25], we focus on what types of commits are most
prevalent between consecutive releases.

• RQ6: What type of commits introduce most SonarQube issues? We add the dimension of software
quality concerns, as expressed through SonarQube issues to the commit categories.

• RQ7: Is there an association between SonarQube’s clean code categories and the CCS commit types?
Each software quality issue affects various clean code attributes, with SonarQube defining
4 main categories [Son24b]. Clean code serves as the foundation of maintainable and high-
quality software development; therefore, this enables the assessment of quality aspects from
a different perspective. Within this research question, we aim to investigate how this new di-
mension is associated to the commits.
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II.2.3 Methodology

The present study analyzes commit data from open source Python projects, focusing on commits
between consecutive GitHub releases [Git24]. We chose releases as they mark a milestone in code
development. We targeted Python due to its popularity and the relative scarcity of exploratory work
compared to Java. SonarQube (version 10.3) is our static analyzer of choice due to its industry pop-
ularity.

We used the dataset from [MBP24], spanning from 2013 to 2023, considering direct commit paths
(R1 → R2) and discarding non-linear progressions to include 2,648 release pairs and 90,318 commits,
publishing the data [BMMP25]. We classified these commits into 10 CCS [Con20] categories using
an LLM-driven CodeLLama model [ZZQL25] with an acceptable 76.41% F1-score, eliminating non-
English commits using the langdetect library alongside incorrectly classified ones. To identify the
commit that introduced a SonarQube issue, we designed a specific algorithm1 that combines commit
diff data, AST context data, and SonarQube uniqueness handling [Son25a] to link an issue in R1 or
R2 to a specific commit. The algorithm matches Git diffs with issues, validates that the issue does
not exist in adjacent releases, and removes duplicates. We validated it using a random sample of 100
issues, ignoring commits with parsing errors.

II.2.4 Analysis Results

RQ5: What is the distribution of commit types among commits between releases?

Conventional commit categories include 10 types [Con20]. The distribution shows a strong focus on
docs, followed closely by fix. A percentage of 9% of commits are tagged as feat. Testing, refactoring
and style have a decent overall distribution, while CI, build and perf appear more infrequently. We
explored the distribution between considered releases and throughout the project’s life. In most
cases, there were one or two releases in which the number of commits significantly exceeded the
rest.

Finding 6: While we detected significant variation in the use of commit classification between releases,
there exists a clear balance between different commit types, with documenting and feature development pre-
vailing.

RQ6: What type of commits introduce most SonarQube issues?

To address the second research question, we adopted a three-step method: we present the overall
distribution of issues across different CCS categories, examine the top 10 tags, and highlight the top
10 breached rules.

A high number of issues were introduced by the feat category. In the case of the refactor, we
observed roughly equal numbers of added and removed issues.

The data reveal that convention, design, and numpy tags consistently occupied the top position.
This indicates that most issues are not critical, highlighting the prevalence of code smells. We high-
light that the most frequently introduced and fixed issues are related to Python naming conventions
(python:S1172), duplicated string literals (python:S1192), functions having high cognitive complexity
(python:S3776) and unused parameters (python:S1172).

1A comprehensive view of the algorithm and its steps can be found in the replication package [BMMP25], in the matching -
algorithm explained.MD file.

2All SonarQube rules are detailed at [https://next.sonarqube.com/sonarqube/coding_rules?languages=
py&selected=python](https://next.sonarqube.com/sonarqube/coding_rules?languages=py&
selected=python)%3AInequalityUsage
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Finding 7: Regardless of CCS category, the majority of issues are code smells and primarily affect source
code maintainability and readability. They can accumulate over time, making the codebase harder to manage.

RQ7: Is there an association between SonarQube’s clean code categories and the
CCS commit types?

To study this association, we employed the χ2 test of independence [dTF+19] with a 0.10 signifi-
cance level [TAA+18]. We conducted pairwise tests grouped by commit type and applied Benjamini-
Hochberg corrections. For significant associations, we computed Cramér’s V to assess effect strength
[Lee16]. Of the 40 tests performed, only 7 associations proved statistically significant, all exhibiting
negligible effect sizes. This indicates no meaningful relationship between commit type and the clean
code properties affected by associated quality issues.

Finding 8: We could not identify a statistically significant association between clean code attributes as
defined by SonarQube and the CCS commit types.

II.2.5 Conclusions

This exploratory study examined how different types of commits relate to software quality issues de-
tected by SonarQube in Python projects. We analyzed over 90,000 commits across software releases,
using a large language model to classify commit messages and a custom algorithm to trace issues
back to individual commits.

The results showed that docs, feat and fix were the most used commit categories. Most introduced
issues were related to code smells, which impact code maintainability and readability rather than
causing functional defects. These issues frequently appeared in feature additions and refactoring,
suggesting the need for stricter code reviews and better refactoring practices.

We also found no meaningful statistical association between commit types and clean code at-
tributes. This indicated that commit type alone is not a reliable predictor of quality concerns, as
other elements may play a more significant role.

II.3 Exploring the Impact of Commit Burstiness on Soft-

ware Quality

Commit burstiness represents periods of rapid development where successive commits are pushed
to the repository and can be an indicator of developer behavior and its impact on software quality.
This chapter represents the end of the ”Code Issues” part, where we went from longitudinally ana-
lyzing open-source projects in Python on how software quality evolves over time, to applying CCS
categories and see what exactly is the relative purpose of those commits and, in this chapter, we will
see if the commit burstiness phenomenon is prevalent in our dataset and what conclusions we can
extract from it.

This study [LMBM] was done in collaboration with PhD student Vasilica Moldovan and supervi-
sor prof. Simona Motogna, and my contributions were on the methodology, experiment execution,
results discussion, analysis and the dataset artifact creation [BMM25].
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QUALITY

II.3.1 Motivation

Effective management of code contributions is crucial, especially in open-source projects. Maintain-
ing quality becomes increasingly complex as systems evolve, highlighting the need for early identi-
fication of quality concerns.

Commit burstiness, characterized by rapid and successive commits, has emerged as a factor in-
fluencing software quality. Earlier studies ([NMB10, XF14, WNLB22]) introduced commit bursts as
predictors of defects and highlighted their link to increased defect likelihood. While steady commit
practices reflect healthy development, irregular bursts might trigger rushed code changes, leading
to quality degradation or technical debt.

Semantic commit classification complements burst analysis by offering insights into the inten-
tions behind individual changes. The Conventional Commit Specification (CCS) provides stan-
dardized labels like feat, fix, and refactor, addressing the limitations of traditional classifications
([Swa76, Con20, ZZQL25]).

In this chapter, we aim to bridge the gap by combining insights from commit burst analysis,
structured commit labeling, and static quality metrics. We investigate whether the timing and intent
of commits can serve as predictors for quality outcomes reported by SonarQube. Our objective is
threefold: to validate whether commit bursts are predictors of increased issues, to explore whether
different commit categories are more prone to bursts, and to verify if specific categories are more
prone to introducing issues during burst versus non-burst periods.

II.3.2 Study Design

Our work is a quantitative exploratory study, following Software Engineering practices from [Ral21,
KK15]. We want to check if there is a relation between commit bursts, SonarQube issues, and CCS
categories. Unlike an explanatory study, which explains what is already known, an exploratory
study checks if a new research path is worth pursuing.

The study is quantitative because we run the analysis on a large enough dataset, and a case study
because we target open-source repositories together with SonarQube data. This approach has been
used before in Software Engineering [AdM+23, Jm12].

We split our objective into three research questions:

• RQ8: Does commit burstiness correlate with a higher chance of introducing software quality issues?

• RQ9: Are certain Conventional Commit Specification (CCS) types more prevalent during burst periods?

• RQ10: Is there a correlation between particular CCS commit types introducing more SonarQube issues
in Burst versus Non-Burst commits?

Data Selection and Processing

We use the Python Software Quality dataset1, which contains 90,318 CCS-classified commits from
57 Python open-source projects. We kept only the commits that induce SonarQube issues, ending
up with 4,784. We picked Python because it is widely used in the industry, especially in AI. The
commits span from 2013 to 2023. Wen et al. [WNLB22] sampled 500 commits in their work, so we
consider 4,784 commits enough for exploratory statistical analysis. The dataset contains commit data
(message, date, CCS classification) and SonarQube issues.

1Available at https://doi.org/10.6084/m9.figshare.25008653.v4

21

https://doi.org/10.6084/m9.figshare.25008653.v4


CHAPTER II.3. EXPLORING THE IMPACT OF COMMIT BURSTINESS ON SOFTWARE
QUALITY

Burst window detection

To define a burst window (the period between two commits), we looked at prior work. Xuan et al.
[XF14] use a window between 1 and 10 days. Nagappan et al. [NMB10] define it in build days, from
one to three days, with 1 to 4 commits per burst. Wen et al. [WNLB22] use 5-minute increments. We
also tried wider windows (2, 3, 6, 24, 48, and 72 hours) and commit counts (2 and 3 commits). In the
end, we use at least three commits within a two-hour window, since it gave a clearer split between
burst and non-burst activity and more consistent statistical results. Different thresholds may lead to
different findings.

We implemented the burst detection ourselves. It merges overlapping activity periods into single
events, so overlapping bursts are combined to avoid double-counting and reduce noise. For example,
a burst from 3:00–5:00 PM is marked as one event, even if it slightly overlaps another interval. This
works well for metrics and alerts, since it prevents multiple notifications for the same peak. Once
a burst is identified, the next one starts after the fixed window (e.g., 2 hours), even if activity keeps
going, which can split a long period into multiple bursts.

II.3.3 Data Analysis and Results

RQ8: Does commit burstiness correlate with a higher chance of inducing Sonar-
Qube-reported issues?

We used the Mann-Whitney U test to compare burst and non-burst commits, since it is non-parametric
and handles unequal group sizes (nburst = 616; nnon-burst = 4167). Following [TEHG23], we first
ran the Shapiro-Wilk test [SW65] and confirmed the data was not normal, which justified the non-
parametric choice.

We ran a two-sided test. The null hypothesis (H0) was that there is no difference in induced issues
between burst and non-burst periods. We got U = 1184 240.50 and p = 0.0014, so we reject H0. Non-
burst commits had a higher average number of issues (mean = 4.54, median = 1) than burst commits
(mean = 2.88, median = 1).

Finding 9: Non-burst commits may be linked to more SonarQube issues than burst commits, hinting at
more detectable quality problems when work is spread out rather than clustered. More analysis is needed to
confirm this.

RQ9: Are certain Conventional Commit Specification (CCS) types more prevalent
during burst periods?

We ran a Chi-square test of independence to check if CCS categories are distributed differently in
burst versus non-burst periods. We checked that every expected cell count was at least 5 [McH13],
and applied the Benjamini-Hochberg correction on the p-values [dTF+19].

refactor stands out with χ2 = 67.0005, adjusted p well below 10−14, and Cramér’s V = 0.1184

(a weak but solid link). We saw 227 refactor commits in bursts and 909 outside. Only 20% of
refactor commits happen in bursts, but refactor makes up 36.9% of all burst commits versus
21.8% of non-burst ones. So refactoring takes up a much bigger slice of activity during bursts. fix,
build, docs, style and ci also lean toward non-burst periods, but their effect sizes (V < 0.08) are
negligible. perf, feat, chore and test are spread evenly.

Finding 10: Refactoring commits tend to be more common during bursty sessions, while most other
commit types show little or no preference.
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RQ10: Is there a correlation between particular CCS commit types introducing more
SonarQube issues in Burst versus Non-Burst commits?

We ran a two-sided Mann-Whitney U test for each CCS commit type to see if SonarQube issue counts
differ between burst and non-burst commits. We applied the Holm [dTF+19] correction across all ten
tests and noted the median issue count in each group to check directionality.

None of the adjusted p-values fell below 0.05. perf had a raw p of 0.036 with a median reduction
in burst, but its Holm-adjusted p rose to 0.364. docs leaned the other way (more issues in burst),
with adjusted p = 0.869. All other categories (build, chore, fix, refactor, feat, style, test,
ci) had adjusted p-values at or above 0.868.

Even after multiple comparisons, there is no real evidence that any CCS type systematically in-
troduces more SonarQube issues in burst versus non-burst commits.

Finding 11: No clear evidence that any specific commit type consistently produces more software quality
issues in burst versus non-burst sessions.

II.3.4 Conclusions

This chapter looked at how commit burstiness interacts with commit semantics and their effect on
software quality.

For RQ8, burst commits did not introduce more issues than non-burst periods, against our initial
expectations. Quick sequences of commits may reflect focused, coordinated work rather than rushed
changes. Teams could support these periods with better review processes or automation.

For RQ9, refactoring commits were especially frequent during bursts, pointing to a pattern where
refactoring clusters together. Teams could use this to manage refactoring efforts more strategically.

For RQ10, we found no significant differences between commit types and SonarQube issues in
burst versus non-burst intervals. Future work should look into issue severity and specific code smells
to better inform QA practices.

Our findings partially align with [NMB10] and [NGM+19], which flagged bursts as defect pre-
dictors, but differ in suggesting bursts reflect refactoring rather than problematic activity. The results
match [XF14] on team coordination benefits, but contrast with [WNLB22], since we link bursts mainly
to systematic refactoring rather than disruptive quick fixes.

Overall, this study suggests rethinking assumptions about rapid code changes and points to po-
tential benefits in productivity and quality. Future work can include project-level analysis, developer
interviews, and a closer look at specific issue types.

II.4 AST Similarity of Code Quality Issues in Python

and JavaScript

Transitioning from the longitudinal investigation of how code issues evolve, how they correlate with
developer intent through CCS categories, and the impact of commit bursts on overall software qual-
ity, this chapter focuses on the underlying structure of these issues using Abstract Syntax Trees
(ASTs). Specifically, this chapter presents a comparison of code issue similarity at the AST level
across two programming languages: Python and JavaScript. The extracted ASTs are compared using
NLP-based techniques and graph-based tree-edit distance. Furthermore, a manual inspection of the
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code smells was conducted to better analyze the qualitative differences in issue patterns.
The study this chapter is based on was conducted together with PhD students Rares Patcas and

Oskar Picus, and my supervisor prof. Simona Motogna. My contributions were data extraction,
processing and analysis, results discussion on the AST comparison. The results are submitted for
publication in [RDPM].

II.4.1 Motivation

Programming languages keep evolving, with new ones appearing and existing ones releasing of-
ten. Python and JavaScript follow an annual release schedule12, while Java ships updates every six
months3. This pace puts pressure on developers and QA workflows.

Software quality stays a constant concern, and may need even more attention with AI-generated
code [CFI+24, LLCW+24]. SATs are widely used to catch quality issues early [MM22, LPS+23], with
tools like SonarQube, Codacy, and PMD being popular among practitioners [LAL15, MVS23]. They
parse source code into Abstract Syntax Trees and apply language-specific rules based on coding
standards, best practices, and anti-patterns, flagging issues like code smells, excessive complexity,
and convention violations.

This chapter focuses on the similarity of ASTs tied to SonarQube rules when those rules target
the same conceptual issue in Python and JavaScript. High similarity would mean there is value in
transferring rules from one language to another, which could close the gap in language support (750
rules for Java versus 86 for Ruby).

We picked Python and JavaScript because they are popular, share similar constructs (functions,
classes, control-flow statements) that allow structural comparisons despite syntax differences, and
have comparable rule coverage (414 issue-related rules in Python, 424 in JavaScript).

Our contributions are:

• the analysis of a subset of shared SonarQube rules between Python and JavaScript and their
comparison through AST representation

• the application of structural and semantic similarity measures to characterize cross-language
patterns and challenges of rule similarity

• assess whether AST-based similarity can support cross-language rule transfer.

II.4.2 Approach

We adopt the GQM methodology [BCR94] and define our objective as follows: Analyze the ASTs
linked to language-specific SonarQube rules for Python and JavaScript for the purpose of assessing
structural and semantic similarity across languages with respect to coding issues that address the
same conceptual defects from the viewpoint of users of static analysis tools in the context of open-
source projects written in Python and JavaScript.

The research question is the following: How similar are the ASTs associated with Python and
JavaScript SonarQube rules addressing the same coding issue? Several similarity metrics are then
defined in order to provide the response to this research question.

1https://peps.python.org/pep-0602/
2https://github.com/tc39/proposals
3https://openjdk.org/jeps/3
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Methodology

The first step of the methodology is to extract the agreed-upon SonarQube rules from opensource
projects for both languages. We then convert the issue code using Tree-sitter. The next and final
step is the similarity comparison, both by manual review and by automation, using NLP and Graph-
Based techniques.

Dataset

We built a dataset of open-source Python and JavaScript projects with SonarQube metadata and code
fragments for AST analysis. For JavaScript, we ran SonarQube 10.3.0 on mature repositories from
prior studies [CBZK19, SDC24], getting 64,591 issues. For Python, we used the Python Software
Quality Dataset [MBP24], based on the same SonarQube version, and subsampled it to 457,935 valid
OPEN issues to reduce the size imbalance.

For each issue, we extracted the affected lines and parsed them with Tree-sitter [LAAZ23]. We
then ranked the shared SonarQube rules by their minimum occurrence across both languages and
kept the top 10, avoiding rarely triggered rules [LML22, BLRS20, MM20a]. These cover a range of
code quality categories.

NLP-Based Similarity Analysis

We normalized the ASTs into linearized Tree-sitter representations and reduced cross-language syn-
tax differences with deterministic token replacement on AST labels (e.g. module to program, func-
tion definition to function declaration). The full mapping is in the replication package.

We used lexical set-based measures (Jaccard, Dice, Overlap), TF-IDF with cosine similarity, and
Sentence-BERT [RG19] for the semantic side.

AST-Based Similarity Analysis

We parse code fragments with Tree-sitter and normalize ASTs the same way as in the NLP analysis.
The trees are wrapped in LabelTree objects and passed to AP-TED, configured with unit costs for
insertions and deletions, while rename operations cost proportionally to node label similarity via
Python’s difflib.SequenceMatcher.

We ran pairwise distance calculations across twenty parallel workers with periodic checkpoint-
ing, then converted the distances to similarity scores on [0, 1], same scale as the NLP measures.

A simple baseline is:

simij =
1

1 + dij
,

but it ignores tree size. So we use TSED:

TSEDij = max

(
1− dij

max(|ASTi|, |ASTj |)
, 0

)
TSED normalizes to the larger tree, giving fairer comparisons across AST sizes.
Since AP-TED is heavy, for each rule we took the smaller count between the two languages and

randomly sampled the larger set down to match. For example, rule S1481 has 748 JavaScript instances
and 34,792 Python ones, so we picked 748 Python ASTs. This cut execution from over two days to a
manageable level while keeping representativeness.
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II.4.3 Results and Discussion

NLP-Based Similarity Results

Scores were normalized to [0, 1], with 1 meaning perfect similarity. Full tables are in the replication
package.

Jaccard fell between 0.39 and 0.45, implying some structural similarity for most rules. S1135 and
S125 scored highest, both about comments, since Tree-sitter only kept the structural markers, not the
content.

Overlap similarity was high across all rules, showing that AST nodes are largely included in one
another. Code smells are linked with repeated use of similar syntactic structures in both languages.

Dice, between 0.52 and 0.8, shows moderate similarity: shared elements but also real differences
from varied coding styles. This reinforces that code smells are not random and show structural
uniformity across languages.

TF-IDF confirms this, especially for S125 and S1135. Other rules got low scores, meaning code
fragments introducing smells differ in token frequencies and distributions, with developers using
similar structural constructs in different ways to introduce the same smell.

Sentence-BERT showed limited cross-language semantic alignment, with means between 0.56
and 0.66.

Overall, the NLP analysis found consistent patterns for commented-out code rules (S125, S1135)
and for S1186 (empty function headers). For the other rules, structural differences between Python
and JavaScript point to differences in coding practices or inconsistencies in how these smells are
defined, which opens room for further investigation.

Graph-Based Similarity Analysis

The TSED results report descriptive statistics for each rule, in the same format as the NLP analysis.
The highest means are S125 at 0.70 and S1135 at 0.77. For both, median and upper quartile reach
1, meaning many AST pairs are structurally identical. But their large standard deviations (0.34 for
S125, 0.36 for S1135) show that some instances diverge a lot, producing a wider spread. So these rules
often show strong cross-language alignment, but the consistency is not uniform across all examples.

The graph-based analysis shows that only some rule categories, mainly those relying on simple
syntactic patterns, have higher cross-language similarity and are strong candidates for automatic
transposition. Rules with lower TSED values reflect language-specific constructs and need rule-by-
rule adaptation. Some rules can be generalized, others need hybrid strategies that combine structural
and semantic normalization.

Besides S125 and S1135, most rules have low mean TSED values, like S3358 (0.14), S1481 (0.22),
and S1763 (0.26), which reveal deeper language-specific complexities. S3358 involves nested ternary
operators that look very different at AST level, S1481 flags unused local variables across varying
declaration syntaxes, and S1763 detects unreachable code in language-specific constructs. Interme-
diate rules like S1186 (0.43), S1854 (0.27), and S905 (0.29) fall between the extremes, showing partial
structural overlap with language-dependent variations.

Overall, the graph-based analysis, like the NLP one, shows two distinct groups of rules. Rules
with simple, language-agnostic structures (like the ones about comments) show high similarity and
can be transferred with minimal adjustment. Rules that capture language-specific constructs (nested
ternaries, unused variables, unreachable code) show lower similarity and need careful adaptation.
This distinction shows where automated rule transposition is feasible and where hybrid approaches
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are needed, giving a concrete basis for future work on adapting static analysis rules across languages.

II.4.4 Conclusions

This chapter explored the structural differences between coding issues extracted from SonarQube
in two different programming languages, Python and Javascript. Using the issues dataset, we con-
structed the ASTs of the respective issue-generating code and compared their similarity using multi-
ple techniques. Our purpose was to investigate the possibility of translation of quality issues between
languages.

We have identified three categories of SonarQube rules in terms of their similarity across lan-
guages, with AST-related patterns and highly complexity-driven patterns indicating that ASTs are
insufficient for this task. Our findings show that ASTs alone cannot support cross-language rule
transfer.

From a research perspective, this contribution offers valuable lessons and suggests that transla-
tion of quality-related issues between languages is a non-trivial problem requiring other research
approaches. For practitioners, it points out that SATs may have limited applicability in detecting
quality issues across languages due to structural and semantic differences.
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Code Smells
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III.1 Artificial Intelligence Methods in Software Refac-

toring: A Systematic Literature Review

This chapter represents the first step in exploring refactoring, as it investigates the integration of Arti-
ficial Intelligence and Machine Learning within this software process. Throughout it, we analyze 156
articles published between 2010 and 2024 and we map the state-of-the-art applications of AI methods
across various refactoring lifecycle stages, while offering insights into the trend of publications and
where the focus is in this sub-domain of software.

This research [MBM24] was done in collaboration with my supervisor prof. Simona Motogna and
PhD student Vasilica Moldovan. My contributions were data analysis, automating the pipelines for
data extraction, methodology and search strategy, and threats to validity.

III.1.1 Motivation

Refactoring is an important process in software development, aiming to improve code structure,
maintainability, and reusability without changing functionality [Fow99]. It has stayed a continuous
research interest due to its impact on code quality, performance, and energy consumption [CBMP14,
TDPT+21, VSPL18].

The last years have seen growing interest in applying Artificial Intelligence (AI) and especially
Machine Learning (ML) to software engineering problems. This is driven by fast progress in AI/ML
algorithms and the availability of large software datasets. Examples include mining software reposi-
tories, code smell detection, test case generation, and development effort [BCRP20]. Tools like WEKA
[Uni] and Scikit-Learn [PVG+11] have given the field an extra boost.

The same applies to refactoring. With this work, we want to give a broad overview of how
refactoring and AI/ML techniques interact. Prior studies have looked at refactoring, but either as a
whole [AAK+20] or from the angle of quality attributes [ADA18].

The main goal of this chapter is a systematic literature review (SLR) that maps the state of the art
in applying AI/ML methods to refactoring stages. The SLR follows a defined protocol, with primary
studies selected from scientific literature sources. We share the resulting dataset for the research
community. The quantitative analysis identifies trends and open topics in the field.

III.1.2 Research Methodology

Our approach to literature review is based on [RB22], defining it as a scoping literature review with
the purpose of describing the domain of AI/ML in relation with refactoring software systems and
mapping the studies from this domain. We investigated existing standards in the domain [Pau21]
and similar studies in software engineering [AAK+20, KC07, CD10, ADA18]. We also followed the
guidelines described in [KC07] and documented each step as summarized in Table III.1.1. Steps 1
and 2 belong to planning, steps 3 and 4 for conducting the review, and step 5 refers to reporting. This
section describes details about each step.
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SYSTEMATIC LITERATURE REVIEW

Table III.1.1: Protocol followed for SLR

No. Step Description
1 Goal Impact of AI/ML on refactoring
2 Research Questions Which refactoring phases?

Which AI/ML methods?
3 Search Strategy Databases for primary studies

What keywords will be used?
What information is retrieved?

4 Selection criteria Inclusion criteria
Exclusion criteria

5 Synthesis of data Information to be synthesized
Data Analysis

Research Questions

The research objective of discussing the state-of-the-art in the field of applying AI/ML methods to
refactoring lifecycle stages is structured into the following research questions:

• RQ11: What life-cycle phases of refactoring are addressed? Refactoring is a complex process that
incorporates several phases, starting from detection, prioritization, and recommendation, pro-
cesses that should be accompanied by documentation and testing, and might be predicted.
There are several classifications/namings of these phases (such as in [BCH+05] or [AAK+20]).
We target to investigate how the selected studies target these phases.

• RQ12: Which AI/ML methods are used? Our exploration will inquire what type of AI methods
are used and which are the most frequent AI/ML applied for refactoring.

III.1.3 Results and Discussion

The results for RQ11 show that the majority of research effort is directed toward the detection and
recommendation stages of the refactoring lifecycle. Detection remains the most popular area, ac-
counting for over 37% of the papers, while recommendation follows closely at nearly 33%. Con-
versely, stages such as documentation, prioritization, and testing are notably under-explored. To
answer RQ12, we found out that, from a methodological standpoint, supervised learning is the
most frequent approach, used in over 56% of the studies. The most prevalent AI methods identi-
fied include Random Forests, Genetic Algorithms, Support Vector Machines, Convolutional Neural
Networks, and Decision Trees. Specifically, CNNs are favored for detection tasks, while Genetic
Algorithms are predominantly used for refactoring recommendations.

The implications of these findings are the following:

• Over 72% of analyzed research focuses on proposing new solutions, while evaluation, valida-
tion, and experience-based reserach is underrepresented. More empirical validation is neces-
sary for these AI solutions to be adopted in real-world software practices.

• More focus on Prioritization and Prediction could significantly reduce development costs and
improve performance.

• The rising interest in hybrid AI methods suggest that researchers are combining multiple learn-
ing types to improve model reliability and adaptability.
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III.1.4 Conclusions

This chapter presents a systematic literature review (SLR) examining the use of AI in software refac-
toring, following established guidelines [KC07]. From an initial pool of 1,986 papers, 156 studies
were retained, outlining the state of research and AI/ML adoption in refactoring. Trends from
2010–2024 show steady growth, with notable acceleration after 2016 and peaks in 2022–2023, re-
flecting sustained community interest in applying AI/ML to refactoring.

We addressed core research questions on which lifecycle stages are tackled by AI methods and
which techniques dominate. Most contributions focus on detection, followed by recommendation and
prediction. Prioritization and prediction appear especially promising for ML-driven improvements,
potentially reducing development costs [Fow99]. Hybrid approaches are also increasingly explored,
aiming to boost accuracy and robustness by combining methods.

A key gap lies in the scarcity of evaluation, validation, and experience studies, which are crit-
ical for real-world adoption. The most common AI methods are Random Forests, Genetic Algo-
rithms, SVMs, CNNs, and Decision Trees, applied differently across lifecycle stages depending on
task suitability. Most models (56.41%) use supervised learning, followed by unsupervised and semi-
supervised approaches, indicating the benefits of labeled data for precise predictions.

III.2 Software Maintainability and Refactorings Predic-

tion Based on Technical Debt Issues

Software maintainability remains a decisive factor in the software development lifecycle, directly
impacting the cost, time, and resource allocation. Hence, as software evolves, software refactoring
becomes essential to enhance quality, readability and extensibility. In this subchapter, we aim to
explore two main things: first, the prediction of software maintainability and the number of required
code refactorings, by leveraging technical debt issues and Machine Learning. Second, an extension of
the previous goal, but by directly comparing the SonarQube issues of three projects between versions:
TuxGuitar, JEdit and FreeMind, where we aim to observe how a project evolves and what are the
issue categories that change between versions. As such, we will concentrate on the second goal and
fleetingly mention the first one.

This study [BM23] was conducted in collaboration with my colleague Vasilica Moldovan, and
my contributions were related to the in-depth analysis of SonarQube issues in the three analyzed
projects.

III.2.1 Motivation

It has come to light that there is a strong connection between software systems’ maintainability and
technical debt issues. Those issues can be identified using SATs, such as SonarQube. At a first look,
a small number of issues is responsible for a higher percentage of maintainability and vice versa.
Hence, one of the code’s problems found in the static analysis process is represented by the technical
debt.

Research confirms a strong correlation between detected software issues, maintainability, and
refactoring [ABJ10, Mar04, WDS16]. Refactoring is important for reducing technical debt and en-
hancing scalability; when excessive issues degrade maintainability, it serves to restore code quality.
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CHAPTER III.2. SOFTWARE MAINTAINABILITY AND REFACTORINGS PREDICTION BASED
ON TECHNICAL DEBT ISSUES

To support this, the industry utilizes static analysis tools, such as SonarQube, PyLint, and FindBugs1,
to identify debt , alongside utilities like 2 , that detect refactorings between versions. Some of those
tools are also described in I.1.

The goal of the study conducted is twofold: to predict the number of refactorings that need to
be performed and, based on this number, to classify the maintainability of each software component
that was refactored by using ML algorithms. The second goal is to compare the SonarQube issues for
three Java projects in depth by executing SonarQube on their versions, extracting issues, and running
a comprehensive statistical analysis on them.

The focus of this subchapter, however, is on the second goal, as it represents my significant con-
tribution, and presents the results from the first one.

III.2.2 Refactoring Prediction: Experiment and Results

The experiment focused on gathering and preparing data to predict software maintainability and
the number of refactorings needed. We ran a comprehensive analysis on three open-source Java
projects: jEdit3, FreeMind4, and TuxGuitar5. We looked at technical debt in jEdit 5.5, FreeMind 1.0.1,
and TuxGuitar 1.5.2, and at the refactorings done in the next versions (jEdit 5.6, FreeMind 1.1.0,
TuxGuitar 1.5.3). The technical debt dataset was already established in prior work [Mol20, MM20a].

To build the dataset, we ran SonarQube on the projects to extract technical debt attributes (sever-
ity, debt, issue type), and RefactoringMiner to count the refactorings done per component between
versions, which served as groundtruth. The final dataset merged these sources, linking technical debt
metrics to refactoring count per component. We split the data 70% training, 30% testing.

We framed the prediction problem as both a classification and a regression task. For classifica-
tion, components fell into three maintainability classes based on refactoring counts: “Great” (< 5
refactorings), “Good” (5–20), and “Poor” (> 20). We tried two approaches for data representation.

The first approach, with compressed component-level data, gave better predictive performance.
The ExtraTrees Classifier was the best model, with accuracy, recall, precision, and F1-Score all at 0.92.
For regression, the ExtraTrees Regressor also came out on top with R-Squared of 0.92 and RMSE of
2.75. The RNN in the second approach was less effective, reaching only 0.57 classification accuracy
and R-Squared of 0.50.

Looking at classification by category, the “Good” class had the highest metrics, while “Poor” had
the lowest, reflecting the imbalance in the initial dataset. We compared predictions against the Main-
tainability Index (MI) [OH92]. There were some mismatches: for example, MI classified FreeMind as
“Bad” while our results suggested otherwise, which supports the idea that the traditional Maintain-
ability Index may not accurately capture the complexities of object-oriented systems [MM21].

III.2.3 A deeper dive into SonarQube issues

To present the specifics of SonarQube issues and compare them between versions, we observed that
all three datasets showed improvements in total issue counts, suggesting continuous refactoring.
However, the quality of changes differed significantly. JEdit had the highest issue count, and while
total issues dropped from 139,905 in version 5.5 to 63,899 in version 5.6, BUG rule violations rose
from 2.86% to 9.59%, meaning overall code quality decreased as severity went up. Freemind showed

1, https://spotbugs.github.io/
2RefactoringMiner, https://github.com/tsantalis/RefactoringMiner
3jEdit, http://www.jedit.org/
4FreeMind, https://freemind.sourceforge.net/
5TuxGuitar, https://sourceforge.net/projects/tuxguitar/

32



steady progress with a 20% improvement in code quality as raw numbers dropped, maintaining a
similar ratio of 97% code smells and 2% bugs, although its maintainability index remained “Bad”,
showing the metric may not apply well to empirical studies. TuxGuitar had the best result, with
every issue category decreasing from version 1.5.2 to 1.5.3 and a drop in bug distribution, reflecting
a “Satisfactory” maintainability index. Tying this back, overall quality can decrease despite fewer
total issues if severe bugs rise, as seen in JEdit, whereas projects like TuxGuitar show that refactoring
work pays off with fewer bugs, fewer vulnerabilities, and better maintainability.

III.2.4 Conclusions

This subchapter looked at the predictive link between technical debt and software maintainability,
using a dataset from three open-source Java projects: jEdit, FreeMind, and TuxGuitar. We combined
SonarQube static analysis with RefactoringMiner data to test two approaches for predicting refactor-
ing counts and classifying components.

The first goal showed that compressing technical debt issues into component-level mean values
beats analyzing granular issue sequences. The ExtraTrees Classifier reached 0.92 accuracy, well above
the RNN (0.57). The ExtraTrees Regressor also led in the regression task with R-Squared of 0.92.
Aggregated metrics of severity and issue type seem solid for anticipating maintenance needs, while
sequential complexity of individual issues may add noise.

The second goal showed that all three projects had fewer total issues between versions, but the
quality of the changes varied. jEdit had a concerning trend: fewer code smells but bugs rose from 2%
to 9%, pointing to a drop in stability. TuxGuitar had the best trajectory, with reductions across all
categories and a better maintainability index.

III.3 A Comparative Evaluation of Intelligent Methods

for Code Smell Detection in Python

While the goal of the previous chapter was to investigate the prediction of the number of required
refactorings, in order to improve the maintainability of software components using technical debt
data, we go further to achieve the goal of this chapter: namely, to evaluate seven of the most com-
monly used machine learning models and a genetic algorithm for code smell detection. Through-
out the study presented next, we will examine and compare the performance of each model across
ten distinct code smells, identify the most suitable model for each analyzed code smell, highlight
strengths and limitations, and, in the end, augment the dataset from [MBP24] by adding new metric
values and code smell classifications.

This study [VAMM] was done in collaboration with my supervisor prof. Simona Motogna and
PhD student Vasilica Moldovan. My contributions were dataset creation, methodology, and experi-
ment preparation.

III.3.1 Motivation

A “Code smell” is any code base issue that can lead to more critical problems [Fow99]. Catching
smells early has a positive impact on the final system [Fow99, TPB+17]. Since smells are described
rather than formally defined, different tool implementations give different results [LPS+23].
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Static analysis tools (SAT) detect code smells efficiently [Ao21]. We use “code smell warnings”
for what SATs report.

Code smells also depend on the language [BHM+19, TPB+17, SMKA17]. Python’s growth raises
the question of how well existing solutions fit its specifics. Python code smells can take forms that
are hard to describe and detect [CCMX16, CCM+18].

AI has deeply influenced Software Engineering, and code smell detection has benefited from
ML models [MBM24]. A systematic literature review [MBM24] flagged a clear need for evaluation.
Performance varies a lot across models, datasets, languages, and smell types [DNPT+18]. Python
results can differ from Java due to dynamic typing and the Python 2 to 3 transition [TFAL21].

The main goal of this study is to evaluate how suitable existing ML detection models are for code
smells in large Python projects.

Our contributions are:

• A critical evaluation of 7 ML models and a GA algorithm for code smell detection;

• A comparison of each model’s performance across ten code smells;

• The most suitable model for each smell;

• An enhanced, publicly available version of the dataset from [MBP24].

III.3.2 Study design

This chapter presents an evaluation research, following the definition from [WMMR06], assessing
different intelligent methods to detect code smells in large size Python projects. In case of evalua-
tion research, the focus is not on the novelty of the proposed technique, but on the relevance of the
knowledge claimed by the evaluation. The evaluation type of research is recommended [WMMR06]
when existing techniques in practice (in our case, ML/AI models) addressing the same problem (in
our case, code smell detection) are investigated. The results of this type of research provides criti-
cal comparison and evidence related to these techniques using independent data and indicators and
providing an independent opinion for several existing solutions.

We formulate our research questions and conduct our study to express observations regarding
how the different AI models under consideration behave for the specific problem of code smells
detection for Python projects.

We aim to study the suitability of the most used AI methods in detecting code smells. As method-
ology, our explanatory experiment, as described in [JCP08], follows the Goal-Question-Metric (GQM)
approach [BCR94]:

Purpose: Evaluate
Issue: the suitability
Objective: of ML/AI methods for code smell detection
Context: in Python projects
Viewpoint: from the perspective of performance evaluation metrics

Our goal is further devised in the following research questions:

• RQ13: Which is the performance of the ML methods for solving the problem of code smell detection?

• RQ14: Which is the suitability of ML methods for each code smell?

The experiment is designed as follows:
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• define the set of code smells to be detected using the rules from replication package

• create a dataset with the help of three tools: Radon, PySmell, Understand

• use the extracted metrics in order to meet thresholds for selected code smells

• train and evaluate the chosen AI/ML models ( DT, SVM, NB, LSTM, RF, CNN, kNN, GA) and
produce the results

• compare results in terms of their performance and suitability.

III.3.3 Analysis, Evaluation and Results

For all employed models, we utilized two dataset configurations: 80% for training and 20% for test-
ing. The sole exception is the genetic algorithm, which employed a dataset distribution of 60% for
training, 20% for validation, and 20% for testing.

As previously stated, for each model we computed the values for accuracy, recall, precision and
F1-Score, and compared them.

RQ13: Which is the performance of the AI/ML methods for solving the problem of
code smell detection?

The answer to this question came from the individual evaluation of each model. A short description
of the results will be presented for each experiment.

For Decision Trees, omitting balancing techniques resulted in higher accuracy and precision, whereas
applying balancing improved recall for minority classes. For Random Forests, shallower trees consis-
tently outperformed deeper trees in precision and F1-score, suggesting that limiting depth prevents
the model from capturing noise.

The kNN model with k = 5 proved superior to k = 10 in precision and F1-score. In SVM experi-
ments, the linear kernel consistently outperformed the RBF kernel across all metrics.

Gaussian Naive Bayes emerged as a strong performer for imbalanced data, providing higher pre-
cision and recall than other variants. Its probabilistic nature allowed it to handle minority classes
where other models struggled.

The LSTM and CNN models generally performed better when utilizing a Sigmoid loss function.
However, these complex models frequently underperformed compared to simpler instance-based or
probabilistic models due to the limited size and high imbalance of the dataset.

For the Genetic Algorithm, increasing its iterations from 50 to 100 led to improved optimization
across nearly all metrics.

Finding 12: The analysis indicates significant variability in model performance, influenced by dataset
imbalance and complexity. Simpler models generally outperform complex neural models, highlighting the
effectiveness of instance-based and probabilistic approaches on limited and imbalanced datasets.

RQ14: Which is the suitability of ML methods for each code smell?

In regard to this question, the findings indicate that no single model is universally optimal. kNN
achieved the highest F1-scores for six out of ten categories, including LongMethod and LongMes-
sageChain. On the other hand, Naive Bayes was the most effective for underrepresented smells like
LongScopeChaining and LongLambdaFunction. Statistical validation via the Nemenyi test confirmed
that while NB and kNN are highly competitive, the performance gap between them is often not
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statistically significant. However, both significantly outperform deep learning approaches in this
specific context.

Finding 13: While specific AI models demonstrate strengths in detecting particular code smells, over-
all performance remains inadequate for reliable practical deployment due to moderate F1-scores. Issues such
as dataset imbalance and limited data availability substantially impact detection accuracy, emphasizing the
necessity for balanced datasets and carefully tailored model selection and configuration.

III.3.4 Conclusions

This chapter evaluates the suitability of eight AI/ML models for code smell detection in Python
projects. The purpose is twofold: to figure out the performance of the AI/ML methods and to deter-
mine their suitability for each code smell.

We created a dataset of 23 Python projects from [MBP24]. We extracted code metrics using Radon
[Rub24] and Understand [ST24] and detected code smells using PySmell [Che24] to build the training
set. We scanned 1359 releases, yielding a final dataset of 3,191,908 entries.

We conducted an evaluation comparing model performance and assessing how suitable each
model is for detecting specific code smells. Findings indicate there is no universal solution for code
smell detection. Variability in performance is affected by model configuration, dataset properties,
and evaluation metrics. Genetic algorithms yielded encouraging outcomes when tuned with a larger
number of iterations.

Regarding effectiveness across code smell types, simpler models, such as kNN and NB, frequently
surpass more complex approaches like LSTM and CNN. However, outcomes are strongly affected by
uneven dataset distribution and specific model configurations.

The results are valuable for both researchers and practitioners, as focusing on the code quality
of Python projects is a relevant topic. For researchers, the assessment supports the identification of
effective detection approaches and opens up avenues for future investigations. For practitioners, it
offers practical guidance on choosing and configuring models.
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Part IV

Conclusions and future work
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IV.1 Final Conclusions

All the chapters up until this point were meant to emphasize the importance of software quality in
the software engineering domain. Throughout the course of this thesis, I went from building tools
for data extraction to building datasets and running empirical experiments on commit classification,
developer behavior, issue detection, ASTs, and defect prediction in order to generate more knowl-
edge in the literature. All this knowledge is meant to help developers write better code, pay attention
to software defects, and follow overall recommendations for their codebases. It is also intended to
assist researchers in better analyzing this domain, extrapolating from our findings, building upon
our datasets, and reaching new heights when it comes to software quality.

IV.1.1 Main Contributions and Impact

In the next paragraphs, I will underline my contributions and explain how each piece fits with each
other in order to build the complete research we stand upon.

• PART 1: Foundations - In this part, we focused on the theoretical background upon which we
built our studies, the application that allowed us to build the dataset, and the dataset itself.
This paves the way for the studies in the later chapters.

– In the PyDs Builder[Ber25] chapter, my contribution was building the mechanism and
the tool itself, with all that it implies. The application artifact is publicly available in
[Ber24].

– In the Python Software Quality Dataset[MBP24] chapter, my contribution was the cre-
ation of the dataset artifact [BMP24].

All datasets (??) are publicly available, under CC by 4.0 License, respecting good practices
recommended by the research community, encouraging further investigation of our data. The
tool that we developed allowed us to construct datasets in a smoother way and also facilitate
the creation of new datasets by other researchers, specific to their needs.

• PART 2: Code Issues - In this part, we utilized the dataset previously created in order to run em-
pirical experiments, such as longitudinal analysis of the evolution of SonarQube issues, CCS
commit classification and developer intent, the analysis of commit burstiness and how it re-
lates to commit classification, and the attempt to translate SonarQube rule violations between
Python and JavaScript. The first three studies are chained, especially by the datasets generated
by each study that are used successively, as can be observed in the diagram, while the last one
is standalone.

– In the Longitudinal Study chapter [BMM26b], my contribution was the creation of the
dataset artifact [BMM26a] and the inferential statistics analysis for the third research
question

– In the Commit Classification chapter [BMPM25], my contribution was the creation of the
dataset artifact [BMMP25], as well as the statistical analysis and results for the first two
research questions. I have also evaluated and run the LLM model for CCS detection.
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– In the Commit Burstiness chapter, my contribution was the creation of the dataset ar-
tifact [BMM25] and the analysis and results for the three research questions. One of
the important steps in obtaining the results was to design and implement the algorithm
that allowed us to link SonarQube issues to the commit that induced them, between two
consecutive releases.

– The last piece of this part, namely the AST article, used a different approach in order to
validate whether code smells can be transferred inter-language. My contribution here was
a part of the dataset created, the AST analysis interpretation, and the manual investigation
of three rules (S3776, S3558, S1763).

Our work brings empirical evidence related to the composition and distribution of SonarQube
issues, the long term evolution of issues and investigation of developer intent and commit
bursts, together with AST based analysis between different programming languages. For the
practitioners community, the in-depth analysis of the projects in a multi-dimensional manner
linking quality issues to commits. Our work can help raise awareness regarding the prevalence
of code smells, bugs, or vulnerabilities that developers should prioritize fixing.

• PART 3: Code Smells - This part was more focused on predicting code smells and refactoring
through ML models. My role here was more about mining and preparing the data to be used
for training, as my co-authors ran the ML experiments.

– In the SLR [MBM24] article, my contribution was the creation of the dataset and designing
the methodology.

– In the Maintainability Prediction article [BM23], the next tile in the diagram, my contri-
bution was the SonarQube processing, analysis, and interpretation of the three appli-
cations.

– In the third and last study of part 3, the focus changes to the evaluation of predictive ML
methods for code smell detection. My contribution here was methodology design and
dataset creation, feeding the data into the ML models.

The contribution of this part represent evalution type of research for the use of ML methods for
software engineering problems, such as code smell detection and refactoring prediction. From
a practitioner perspective, it opens opportunity to build specialized tools based on our results.

All parts of this thesis can be aggregated into a single finding: software quality in open-source
projects is predominantly a maintainability problem, driven by code smells, shaped by devel-
oper behavior, and addressable through a combination of static analysis and ML/LLM models. It
was presented that code smells dominate the issue landscape across all temporal dimensions: from
individual commits to years-long evolutions. Developer intent, as captured through commit clas-
sification, reveals that feature additions and refactoring are the primary carriers of new issues; yet,
burst periods of development do not worsen this effect. These findings, grounded in over 90 projects
and approximately 90,000 classified commits, form a strong argument for integrating commit-aware,
static-analysis driven quality feedback into everyday development workflows. As we have shown
with the LLM-based commit classification (76% F1-score), Large Language Models can already aug-
ment the software quality pipeline by automating tasks that were previously manual, such as cate-
gorizing developer intent at scale. As these models continue to improve, their role in issue detection,
prioritization, and even automated refactoring recommendations is likely to expand further.
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From a methodological perspective, the thesis encompasses different empirical methods in Soft-
ware Engineering [Pau21]: systematic literature review [MBM24], case studies [BM23], experiments[BMPM25,
LMBM, VAMM], and longitudinal evaluations [BMM26b].

From a research type perspective [PFMM08], we have performed: solution [Ber25, MBP24], vali-
dation [RDPM], evaluation [BMM26b, VAMM, BM23], and exploratory [BMPM25, LMBM].

IV.1.2 Future Work

Based on the results that we obtained so far, and the expertize that we accumulated, we foresee two
important directions that can guide the future work:

The use of Generative AI tools in solving specific software engineering problems, based on the tools and
datasets that we own.

• The PyDs tool can be expanded to support data extraction from different projects, to execute
different SATs and extract data from them. Another thread here is the implementation of bench-
marking systems for LLMs, in order to assess how some models work on different detections,
predictions or recommendations when it comes to software quality.

• The dataset can be augmented with issues in different languages, such as Ruby, Rust and Go,
some that are not so covered in the literature, such as Java. It can also target projects in different
software domains. We can utilize the LLMs in order to generate synthesize data for future
experiments.

• The CCS commit classification analysis can leverage newer LLMs to improve upon the 76% F1-
score achieved with CodeLlama, enabling finer-grained and more reliable analysis of developer
intent.

• The AST study can be augmented by exploring richer code representations, such as program
dependence graphs or code embeddings, that capture semantic similarities where pure ASTs
failed. In this way, we can introduce LLMs in order to try to capture the similarities, to explore
whether this venue could bring positive results.

The analysis of developer behavior and commit patterns across open-source systems.

• The longitudinal study can be replicated in other languages, to determine whether the domi-
nance of code smells and their temporal patterns are language-specific or universal.

• The Commit Burstiness analysis should examine specific issue types and integrate qualitative
insights to better understand the impact of commit patterns on software quality.

• Augment existing results with qualitative analysis of developer behavior (surveys and inter-
views).

The general direction should be to package the classification and analysis pipelines into CI/CD-
integrated tools that give developers real-time, commit-level quality feedback.
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