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Abstract—In modern software development
environments, maintaining high-quality and well-
structured source code is a major challenge due to the
continuous evolution of software systems. As projects
grow in size and complexity, source code often becomes
difficult to understand, maintain, and modify. Code
refactoring is a widely adopted software engineering
practice that improves the internal structure of
software without altering its external functionality.
Refactoring helps developers reduce complexity,
eliminate code smells, and improve maintainability.
However, traditional refactoring techniques rely heavily
on manual developer effort or rule-based static analysis
tools that operate using predefined patterns and
thresholds. These approaches are often limited in their
ability to understand deeper semantic relationships
within the code.

To address these limitations, this research proposes
IntelliRefactor, an  Al-driven semantic code
improvement framework designed to automatically
analyze Java source code and identify potential
refactoring opportunities. The proposed system
integrates static code analysis tools with machine
learning techniques to improve the detection of code
quality issues. JavaParser is used to parse Java source
code and generate an Abstract Syntax Tree (AST) that
represents the structural elements of the program. In
addition, SonarQube is integrated to extract important
code quality metrics such as cyclomatic complexity,
maintainability index, and code smell indicators.

The extracted structural and quality features are
processed using machine learning algorithms
implemented through the Weka framework to identify
patterns associated with poor code quality and
maintainability issues. Based on this analysis, the
system generates automated refactoring
recommendations that assist developers in improving
code readability and structure. The IntelliRefactor
framework aims to reduce manual developer effort and
improve software maintainability through intelligent
code analysis and recommendation techniques.
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Index Terms—Sentiment Code Refactoring, Machine
Learning, Static Code Analysis, Software Quality
Metrics, Software Maintenance, JavaParser,
SonarQube.

L INTRODUCTION

Software  development has undergone rapid
transformation in recent years with the adoption of
agile  methodologies, continuous  integration
practices, and large-scale distributed systems.
Modern software applications often consist of
thousands of lines of code written by multiple
developers over extended periods of time. As a result,
maintaining code quality becomes increasingly
difficult as systems evolve and new features are
added.

Code refactoring plays a crucial role in improving
software maintainability and reducing technical debt.
Refactoring involves modifying the internal structure
of the source code without altering the observable
behavior of the software. Common refactoring
techniques include method extraction, variable
renaming, removal of duplicate code, and
simplification of complex logic structures. Although
refactoring improves software quality, identifying
refactoring opportunities manually is time-consuming
and requires significant developer expertise.

Several automated tools have been developed to
assist developers in detecting code smells and
suggesting improvements. However, most of these
tools rely on rule-based approaches that use
predefined thresholds to detect code quality issues.
Such approaches lack the ability to adapt to different
coding styles and project characteristics. Therefore,
intelligent systems that incorporate machine learning
techniques can provide more flexible and accurate
refactoring recommendations.
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This research proposes IntelliRefactor, an Al-driven
framework designed to analyze Java source code
using static code analysis and machine learning
techniques. The proposed system aims to assist
developers by automatically identifying potential
refactoring opportunities and providing suggestions
to improve software quality.

IL BACKGROUND AND TERMINOLOGY

Code refactoring is defined as the process of
restructuring existing source code without changing
its external behavior. The primary goal of refactoring
is to improve code readability, maintainability, and
performance. Over time, poorly structured code may
introduce issues such as high complexity, duplicated
logic, and tightly coupled components.

Static code analysis tools analyze source code
without executing the program and identify potential
quality issues. Metrics such as Cyclomatic
Complexity, Maintainability Index, Lines of Code,
and Code Smells are commonly used to evaluate
software quality. These metrics help developers
understand which parts of the code require
improvement.

Machine learning techniques have recently been
applied in software engineering to analyze patterns in
source code and detect quality issues automatically.
By training models using code quality metrics, it is
possible to identify relationships between different
code characteristics and predict areas where
refactoring may be beneficial.

A. Problem Statement

In modern software development, maintaining high-
quality source code is a critical challenge due to the
rapid growth of software systems and increasing
complexity of applications. As software projects
evolve over time, developers frequently modify
existing code to introduce new features, fix bugs, or
improve performance. These
modifications often lead to poorly structured code,
duplicated logic, long methods, and other design
issues commonly referred to as code smells. Such

continuous

issues  significantly affect code readability,
maintainability, and overall software quality.

Code refactoring is an essential practice used to
improve the internal structure of software without
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altering its external behavior. It helps developers
eliminate  unnecessary  complexity, = improve
modularity, and maintain clean and maintainable
code. However, performing refactoring manually can
be time-consuming and requires a high level of
expertise. Developers must carefully analyze large
codebases to identify potential improvement areas,
which can be difficult in complex systems where
dependencies between components are not
immediately obvious.

Although several static code analysis tools have been
developed to assist developers, many of these tools
rely on rule-based detection mechanisms. These rule-
based systems typically identify predefined patterns
such as duplicated code, long methods, or large
classes. While useful, they lack the ability to
understand deeper semantic relationships within the
source code and often produce limited or generic
recommendations. As a result, developers may still
need to manually evaluate the suggestions provided
by these tools.

Furthermore, traditional approaches do not
effectively leverage modern artificial intelligence
techniques that can analyze patterns within large
datasets. Machine learning methods have the
potential to identify complex relationships between
code metrics and quality issues, enabling more
intelligent and context-aware refactoring suggestions.
Therefore, there is a need for an intelligent system
that can automatically analyze software code, extract
meaningful quality metrics, and use machine learning
techniques to identify potential refactoring
opportunities. Such a system can assist developers in
improving code quality while reducing manual effort
and increasing software maintainability.

B. Objectives

3The primary objective of this research is to design
and develop an intelligent framework capable of
automatically analyzing source code and identifying
potential code improvement opportunities. The
proposed system, IntelliRefactor, aims to combine
static code analysis techniques with machine learning
algorithms to enhance the process of automated code
refactoring.

One of the main objectives of this study is to analyze
Java source code using structural analysis techniques.
This is achieved by wusing JavaParser, which
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generates an  Abstract Syntax Tree (AST)
representing the structural components of the
program. The AST allows the system to understand
relationships between classes, methods, and variables
within the code.

Another objective is to extract software quality
metrics that provide insights into the maintainability
and complexity of the code. This is accomplished
using SonarQube, which identifies code smells and
calculates important metrics such as cyclomatic
complexity and maintainability index.

The research also aims to apply machine learning
techniques to analyze these extracted features. By
using algorithms implemented through the Weka
framework, the system can identify patterns
associated with poor code quality and predict
potential refactoring opportunities.

Finally, the objective is to generate automated
refactoring recommendations that help developers
improve code readability, reduce complexity, and
enhance maintainability. By providing intelligent
suggestions, the proposed system aims to support
developers in maintaining high-quality software
systems and reducing the manual effort required for
code maintenance.

C. Organization of Paper

The remainder of this paper is organized into several
sections that describe the motivation, methodology,
system design, implementation, and evaluation of the
proposed IntelliRefactor framework. Each section
focuses on a specific aspect of the research and
collectively provides a comprehensive understanding
of the system and its contributions to improving
software code quality through intelligent refactoring
techniques.

Section II presents the Background and Terminology
related to software refactoring and static code
analysis. This section introduces the fundamental
concepts that form the basis of the proposed system,
including code refactoring, code smells, cyclomatic
complexity, maintainability metrics, and static
analysis techniques. It also discusses how these
concepts are used to evaluate and improve the quality
of software systems. Understanding these terms is
important for interpreting the analysis and
recommendations generated by the proposed
IntelliRefactor framework.

Section III describes the Problem Statement
addressed by this research. As modern software
systems grow larger and more complex, developers
often struggle to maintain code quality and
readability. This section explains the limitations of
traditional code refactoring approaches, including the
challenges associated with manual refactoring and
rule-based static analysis tools. The discussion
highlights the need for intelligent automated systems
capable of identifying code improvement
opportunities using advanced analysis techniques.
Section IV outlines the Objectives of the Research.
The objectives focus on designing an intelligent
system that integrates static code analysis and
machine learning techniques to improve the process
of automated code refactoring. This section describes
the goals of extracting code quality metrics,
analyzing program structure, and generating
intelligent recommendations for improving software
maintainability and readability.

Section V provides a Literature Survey of existing
research in the field of automated code refactoring
and software quality improvement. Several recent
studies related to machine learning-based refactoring
techniques, code smell detection, and intelligent
software analysis tools are reviewed. The section
highlights key contributions from previous research
and identifies gaps that motivate the development of
the IntelliRefactor framework.

Section VI discusses the Existing System, which
includes traditional approaches used for detecting
code quality issues and performing refactoring. The
section explains how manual refactoring and rule-
based static analysis tools operate and identifies their
limitations when applied to large and complex
software systems. The disadvantages of these
approaches are also discussed to justify the need for
an intelligent automated solution.

Section VII introduces the Proposed System,
IntelliRefactor, which combines static code analysis
and machine learning techniques to automatically
identify refactoring opportunities. This section
provides an overview of how the system analyzes
Java source code, extracts relevant quality metrics,
and uses machine learning algorithms to detect
patterns associated with poor code quality.

Section VIII explains the System Architecture of
IntelliRefactor. The architecture describes the overall
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structure of the system, including the interaction
between different components such as the user
interface, code parser, quality analyzer, machine
learning module, and recommendation engine. The
architecture demonstrates how the system processes
source code and generates intelligent improvement
suggestions.

Section IX presents the Module Description of the
proposed framework. Each module is explained in
detail, including the input module, parsing module,
quality analysis module, machine learning module,
and recommendation module. The section describes
the functionality of each module and how they
collaborate to analyze the source code and produce
refactoring recommendations.

Section X describes the Implementation Details of
the IntelliRefactor system. This section explains the
technologies and tools used to develop the system,
including Java for implementation, JavaParser for
structural analysis, SonarQube for extracting code
quality metrics, and the Weka machine learning
library for building predictive models. The
implementation process and system workflow are
also discussed.

Section XI presents the Results and Discussion
obtained from the experimental evaluation of the
proposed framework. The system is tested on Java
source code samples to analyze its ability to detect
potential refactoring opportunities. The results
demonstrate how IntelliRefactor can effectively
identify code improvement areas and provide
meaningful recommendations to developers.

Finally, Section XII concludes the paper and
discusses potential directions for Future Work. The
conclusion summarizes the key contributions of the
IntelliRefactor framework and its impact on
improving software maintainability. Future research
directions include extending the system to support
multiple programming languages, integrating deep
learning techniques for advanced code analysis, and
improving the refactoring
recommendations.

Overall, the structure of this paper provides a
systematic explanation of the  proposed
IntelliRefactor framework, starting from the
motivation behind the research to the design,
implementation, and evaluation of the system.

accuracy of
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III.  RELATED WORK

Software refactoring and code quality improvement
have been widely studied in the field of software
engineering. As  software systems become
increasingly complex, researchers have explored
different techniques to automatically detect code
quality issues and recommend improvements. These
approaches include rule-based static analysis tools,
metric-based refactoring techniques, and more
recently, machine learning-based solutions for
intelligent code analysis.

One of the earliest approaches to automated
refactoring involved the use of rule-based static
analysis tools. Tools such as PMD, Checkstyle, and
Find Bugs analyze source code using predefined
rules and coding standards to identify potential
issues. These tools can detect common code smells
such as long methods, duplicated code, and unused
variables. While these rule-based tools are useful for
identifying basic coding issues, they rely heavily
on predefined patterns and thresholds. As a result,
they often fail to capture deeper structural and
semantic relationships within the source code.

Several researchers have also investigated software
metrics-based approaches to detect refactoring
opportunities. Software metrics such as cyclomatic
complexity, maintainability index, and code coupling
provide valuable insights into the quality of a
software system. Researchers such as Mens and
Tourwé conducted comprehensive studies on
refactoring  techniques and  highlighted the
importance of metrics for identifying design
problems. Their work demonstrated that analyzing
software metrics can help detect areas where code
complexity is high and maintainability is low.
However, metric-based approaches alone cannot
always provide precise recommendations for
improving code structure.

With the advancement of artificial intelligence
technologies, researchers have started exploring
machine learning techniques to improve code
analysis and refactoring processes. Machine learning
algorithms can analyze large datasets of software
metrics and detect complex patterns that may not be
easily identified using traditional rule-based
approaches. For example, Reyes-Hung and Soto
proposed machine learning models for predicting
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refactoring opportunities by analyzing software
metrics extracted from source code. Their study
demonstrated that classification algorithms can
effectively detect patterns associated with poor code
quality and suggest potential refactoring actions.
Another important contribution in this area is the
work by Sri Lakshmi et al., who proposed a
transformer-based approach for automated code
refactoring. Their research utilized deep learning
models to analyze programming language structures
and generate improved code suggestions. The study
showed that deep learning models have the potential
to understand the semantic relationships between
different code elements and produce more
meaningful refactoring recommendations compared
to traditional static analysis tools.

In addition, Wang et al. introduced the ActRef
framework, which focuses on understanding
refactoring actions across large software repositories.
The ActRef system analyzes historical refactoring
activities in open-source projects and identifies
common patterns used by developers to improve code
quality. By studying these patterns, the system can
predict potential refactoring opportunities in similar
code structures.

Despite these advancements, many existing
approaches still face limitations. Rule-based tools
lack flexibility and cannot adapt to new coding
patterns, while purely metric-based methods may not
capture deeper semantic relationships in the code.
Machine learning and deep learning approaches show
promising results, but many existing systems require
large datasets and significant computational resources
for training models.

The IntelliRefactor framework proposed in this
research builds upon these previous studies by
combining static code analysis techniques with
machine learning-based prediction models. The
system integrates JavaParser for structural analysis of
Java programs and SonarQube for extracting
software quality metrics. These features are then
analyzed using machine learning algorithms
implemented through the Weka framework to
identify potential refactoring opportunities. By
combining structural code analysis with intelligent
learning techniques, IntelliRefactor aims to provide
more accurate and practical recommendations for
improving software maintainability and code quality.
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IV.  SYSTEM ANALYSIS

A. Existing System

Existing sentiment analysis systems primarily rely on
modern  software  development environments,
maintaining high-quality source code is a major
challenge due to the continuous evolution of software
systems. As applications grow in size and
complexity, developers frequently encounter issues
such as duplicated code, large classes, long methods,
high cyclomatic complexity, and other design
problems commonly referred to as code smells.
These 1issues reduce code readability, increase
maintenance costs, and make software systems more
difficult to understand and modify.

To address these problems, developers often perform
code refactoring, which involves restructuring
existing source code to improve its internal design
without changing its external functionality.
Traditionally, refactoring activities are performed
manually by developers during the software
development lifecycle. Developers analyze the source
code, identify potential improvement areas, and apply
refactoring techniques such as method extraction,
variable renaming, and class restructuring. While
manual refactoring can improve software quality, it is
often time-consuming and requires significant
expertise. Developers must carefully examine the
codebase and understand the relationships between
different components before making changes.

To assist developers in identifying potential
refactoring opportunities, several static code analysis
tools have been developed. These tools analyze
source code without executing it and identify patterns
that indicate potential code quality issues. Examples
of commonly used static analysis tools include PMD,
Checkstyle, Find Bugs, and SonarQube. These tools
rely on predefined rules and coding standards to
detect common code smells and violations of best
practices.

Rule-based static analysis tools typically operate by
scanning the source code and comparing it with a set
of predefined rules. For example, they may detect
duplicated code segments, overly complex methods,
unused variables, or violations of naming
conventions. When a rule violation is detected, the
tool generates warnings or suggestions for developers
to review and address.
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Although these tools provide useful insights into code
quality, they have several limitations. One major
limitation is that rule-based systems rely heavily on
predefined patterns and thresholds. These rules may
not always capture the full context of the software
design. As a result, developers may receive false
positives or generic recommendations that do not
accurately reflect the underlying design problems.
Another limitation of existing systems is their lack of
semantic understanding. Static analysis tools
primarily focus on syntactic patterns rather than the
deeper relationships between program components.
For example, while a tool may detect a long method
or complex conditional statement, it may not fully
understand how different methods interact with each
other or how changes in one part of the code affect
other components.

In addition, traditional refactoring tools do not
effectively leverage historical code data or machine
learning techniques to improve their
recommendations. Most rule-based tools apply the
same set of rules to all codebases, regardless of the
project context. However, different software projects
may follow different coding styles, design patterns,
and architectural principles. As a result, rule-based
approaches may fail to provide context-aware
suggestions tailored to the specific characteristics of a
software system.

Another challenge with existing refactoring
approaches is scalability. In large-scale software
systems containing thousands or even millions of
lines of code, manually identifying refactoring
opportunities  becomes extremely  difficult.
Developers may spend significant time reviewing
code to locate potential improvement areas, which
slows down the development process and increases
the risk of introducing errors.

Furthermore, many existing tools provide only issue
detection rather than intelligent recommendations for
improvement. While developers may receive
notifications about potential code smells or
complexity issues, they still need to manually
determine how to refactor the code. This additional
effort reduces the effectiveness of automated code
analysis tools in supporting developers.

Because of these limitations, there is a growing need
for more advanced systems capable of automatically
analyzing code and generating intelligent

200948

recommendations. Recent research has shown that
combining static code analysis with machine
learning techniques can significantly improve the
ability to detect complex patterns associated with
poor code quality.

Machine learning models can analyze large datasets
of software metrics and identify relationships
between different code quality indicators. By learning
from these patterns, intelligent systems can provide
more accurate and context-aware recommendations
for improving software structure and maintainability.
However, many existing systems have not fully
integrated machine learning techniques with
traditional static code analysis tools. This gap
highlights the need for frameworks that combine
structural code analysis, software metrics, and
machine learning algorithms to provide more
effective and automated refactoring support.

The proposed IntelliRefactor framework addresses
these challenges by integrating structural code
analysis, software quality metrics, and machine
learning techniques to automatically identify
refactoring opportunities and assist developers in
maintaining high-quality software systems.

B. Drawbacks

Although several tools and techniques have been
developed to support code refactoring and software
quality improvement, existing approaches still suffer
from several limitations. These limitations reduce the
effectiveness of current systems in identifying
complex code improvement opportunities and
assisting developers in maintaining high-quality
software systems. Understanding these drawbacks is
important in motivating the development of more
advanced solutions such as the proposed
IntelliRefactor framework.

One of the major drawbacks of existing systems is
the heavy reliance on manual refactoring processes.
In many software development environments,
developers are responsible for manually analyzing
the source code and identifying areas that require
improvement. This process requires significant
expertise and experience, particularly when dealing
with large and complex codebases. Developers must
understand the relationships between different
classes, methods, and modules before applying
refactoring techniques. As a result, manual
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refactoring is often time-consuming and prone to
human error.

Another significant limitation is the dependency on
rule-based static analysis tools. Most existing code
quality tools rely on predefined rules and coding
standards to detect potential issues in the code. While
these tools can detect common problems such as
duplicated code, long methods, or unused variables,
they often fail to identify deeper structural or design
issues. Rule-based systems operate by applying fixed
patterns or thresholds, which means they cannot
adapt to different coding styles or project-specific
requirements.

In addition, rule-based tools frequently generate false
positives and generic recommendations. Developers
may receive warnings that do not necessarily
represent real problems in the code. For example, a
tool may flag a method as too long based on a
predefined threshold, even though the method may be
logically structured and necessary for the application.
These false positives can reduce developer trust in
automated tools and require additional time for
manual verification.

Another drawback of existing systems is the lack of
semantic understanding of source code. Static
analysis tools primarily focus on syntactic patterns
rather than the deeper relationships between program
components. While they can detect certain structural
issues, they often fail to understand how different
parts of the code interact with each other. For
instance, a tool may detect a complex conditional
statement but may not understand whether the
complexity is justified by the application logic.
Furthermore, many existing systems do not
effectively utilize historical software data or machine
learning techniques. Traditional tools apply the same
set of rules across all projects without considering the
context of the software system. However, different
software projects may follow different design
patterns, coding conventions, and architectural
principles. Without analyzing historical data or
learning from past refactoring patterns, rule-based
tools cannot provide
recommendations.

context-aware

Another important limitation is scalability. Large
software projects may contain thousands of classes
and millions of lines of code. Analyzing such large
codebases manually or using simple rule-based

approaches can be inefficient and time-consuming.
Developers may struggle to identify the most critical
areas that require improvement, especially when
multiple quality issues exist simultaneously.

Existing tools also provide limited guidance for
developers. While they can detect potential issues,
they often do not provide detailed recommendations
on how to improve the code. Developers must still
decide which refactoring techniques to apply and
how to restructure the code effectively. This
additional effort reduces the practical usefulness of
automated code analysis tools.

Another drawback is the lack of integration between
structural analysis and predictive techniques. Many
tools focus only on detecting issues based on code
metrics without analyzing patterns that indicate
potential refactoring opportunities. Machine learning
techniques can identify hidden relationships between
software metrics and code quality problems, but these
techniques are rarely integrated into traditional static
analysis tools.

Finally, existing systems may not fully support the
evolving needs of modern software development
practices such as continuous integration and agile
development. In fast-paced development
environments, developers require intelligent tools
that can quickly analyze code changes and provide
real-time feedback. Traditional static analysis tools
may not be capable of providing such dynamic and
adaptive support.

Due to these limitations, there is a clear need for
more intelligent and adaptive systems capable of
automatically analyzing source code and providing
meaningful refactoring recommendations. The
proposed IntelliRefactor framework addresses these
challenges by combining static code analysis
techniques with machine learning algorithms to
provide more accurate, context-aware, and scalable
code improvement solutions.

C. Proposed System

The proposed system is to address the limitations of
traditional code refactoring approaches, this research
proposes IntelliRefactor, an intelligent framework
designed to automatically analyze source code and
identify potential code improvement opportunities.
The proposed system integrates static code analysis
techniques with machine learning algorithms to
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provide intelligent and automated refactoring
recommendations. By combining structural code
analysis with predictive models, IntelliRefactor aims
to improve software maintainability, readability, and
overall code quality.

The primary objective of the proposed system is to
reduce the manual effort required for identifying
refactoring opportunities and assist developers in
maintaining high-quality = software  systems.
IntelliRefactor achieves this by analyzing Java source
code using a multi-stage processing pipeline that
extracts structural information, evaluates code quality
metrics, and applies machine learning techniques to
detect patterns associated with poor code design.

The first component of the proposed system is the
Input Module, which allows developers to upload or
provide Java source code files for analysis. The
system supports the analysis of individual source
files or entire code repositories. Once the code is
uploaded, it is passed to the next stage of the system
for structural analysis.

The second component is the Code Parsing Module,
which uses JavaParser, a widely used static analysis
library for Java programs. JavaParser generates an
Abstract Syntax Tree (AST) that represents the
hierarchical structure of the program. The AST
provides detailed information about the program
components such as classes, methods, variables,
control flow statements, and method calls. By
analyzing the AST, the system can understand the
structural relationships between different parts of the
code.

After generating the AST, the system proceeds to the
Code Quality Analysis Module. This module
integrates SonarQube, a widely used code quality
analysis platform, to extract important software
metrics. These metrics include cyclomatic
complexity, maintainability index, duplicated code
segments, code smells, and other indicators of
potential design issues. The extracted metrics provide
valuable insights into the overall quality and
maintainability of the software.

Once the structural and quality information has been
collected, the system performs Feature Engineering,
where the extracted data is transformed into feature
vectors suitable for machine learning algorithms.
Each feature vector represents a set of characteristics
describing a particular component of the software
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system. These features may include metrics such as
method length, class complexity, coupling levels, and
the presence of code smells.

The next stage of the proposed system is the Machine
Learning Module, which analyzes the extracted
features to  identify = potential  refactoring
opportunities. The machine learning models are
implemented using the Weka framework, a popular
machine learning library that provides a wide range
of classification and clustering algorithms.
Algorithms such as Decision Trees, Random Forest,
or other classifiers can be used to analyze the dataset
and predict whether a particular code segment
requires refactoring.

Machine learning models can identify complex
patterns that are difficult to detect using traditional
rule-based approaches. By learning from software
metrics and historical patterns, the system can
provide more accurate and  context-aware
recommendations for improving code structure.

After the machine learning analysis is completed, the
results are passed to the Recommendation Module.
This module interprets the predictions generated by
the machine learning model and converts them into
meaningful refactoring suggestions for developers.
For example, the system may recommend extracting
methods from overly long functions, reducing nested
conditional statements, simplifying complex -class
structures, or removing duplicated code segments.
The final stage of the proposed system is the
Presentation Module, which displays the analysis
results and recommendations to the user through a
user-friendly interface. Developers can view detailed
reports containing detected issues, code quality
metrics, and suggested refactoring actions.

These recommendations help developers understand
which parts of the code require improvement and
how those improvements can be implemented.

The IntelliRefactor framework provides several
advantages over traditional refactoring approaches.
First, it reduces the manual effort required for
analyzing large codebases by automating the
detection of refactoring opportunities. Second, the
integration of machine learning techniques allows the
system to identify complex patterns in code metrics
that may not be easily detectable using rule-based
systems. Third, the system provides more meaningful
and context-aware recommendations that assist
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developers in improving software quality.

In addition, the modular architecture of
IntelliRefactor allows the system to be easily
extended and integrated with other software
development tools. For example, the system can be
incorporated into continuous integration pipelines to
provide real-time feedback during software
development. It can also be extended to support
multiple programming languages beyond Java by
integrating language-specific parsing libraries.
Overall, the proposed IntelliRefactor framework
provides an intelligent and scalable solution for
automated code improvement. By combining static
code analysis, software quality metrics, and machine
learning techniques, the system enables developers to
maintain cleaner, more maintainable, and higher-
quality software systems in modern development
environments.

D. Advantages

The proposed IntelliRefactor framework provides
several advantages compared to traditional rule-based
static analysis tools and manual refactoring
approaches. By integrating static code analysis
techniques with machine learning algorithms, the
system introduces an intelligent and automated
solution for improving software code quality. These
advantages make the proposed framework suitable
for modern software development environments
where maintaining high-quality code is critical

One of the major advantages of the proposed system
is the automation of refactoring detection. Traditional
refactoring processes require developers to manually
analyze large codebases to identify areas that need
improvement. This process can be time-consuming
and prone to human error, particularly when dealing
with complex software systems. IntelliRefactor
automates this process by analyzing source code and
detecting  potential  refactoring  opportunities
automatically. This significantly reduces the time and
effort required by developers to maintain and
improve code quality.

Another important advantage of the proposed system
is its ability to integrate structural code analysis with
machine learning techniques. Traditional static
analysis tools rely heavily on predefined rules to
detect code smells or design problems. While these
rules can identify simple issues such as duplicated

200948

code or long methods, they often fail to capture more
complex patterns within the code. IntelliRefactor
addresses this limitation by using machine learning
algorithms to analyze patterns in software metrics
and code structures. Machine learning models can
learn relationships between different code quality
indicators and identify improvement opportunities
that may not be detectable through rule-based
methods.

The proposed system also offers better scalability for
large software projects. Modern software systems
often consist of thousands of classes and millions of
lines of code. Analyzing such large codebases
manually or using simple rule-based tools can be
inefficient and time-consuming. IntelliRefactor is
designed to handle large codebases by automatically
extracting structural information and software
metrics, enabling developers to quickly identify areas
that require improvement. This makes the system
particularly —useful for large-scale enterprise
applications and complex software systems.

Another significant advantage of IntelliRefactor is its
improved accuracy in identifying code improvement
opportunities. Because the system analyzes multiple
code quality metrics and structural features, it can
generate more  precise and  meaningful
recommendations compared to traditional tools. The
machine learning models used in the system can
identify patterns associated with poor code quality
and suggesting appropriate refactoring techniques. As
a result, developers receive recommendations that are
more relevant and helpful for improving the overall
design of the software.

The proposed framework also provides context-aware
recommendations. Unlike rule-based tools that apply
the same rules across different projects,
IntelliRefactor can analyze the context of the code
using machine learning techniques. This allows the
system to generate recommendations that are better
suited to the specific structure and characteristics of
the software project. Context-aware analysis
improves the quality of the recommendations and
reduces the likelihood of irrelevant suggestions.
Another advantage of the IntelliRefactor system is its
ability to improve software maintainability and
readability. Well-structured code is easier to
understand, modify, and extend during future
development phases. By identifying complex
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methods, duplicated code, and other design issues,
the system helps developers reorganize their code to
improve clarity and maintainability. This is
particularly beneficial in collaborative development
environments where multiple developers work on the
same codebase.

The system also contributes to reducing software
maintenance costs. Poorly structured code often
requires more time and effort to maintain, which
increases development costs. By automatically
detecting refactoring opportunities and providing
recommendations for improving code quality,
IntelliRefactor helps reduce the time required for
debugging, modification, and maintenance tasks.
Another key advantage of the proposed system is its
modular and  extensible architecture. = The
IntelliRefactor framework is designed using multiple
modules, including the input module, parsing
module, quality analysis module, machine learning
module, and recommendation module. This modular
design allows the system to be easily extended or
integrated with other software development tools.
For example, the system can be integrated into
continuous integration pipelines to provide real-time
feedback during the development process.

In addition, the proposed system supports data-driven
decision making for refactoring. Instead of relying
solely on developer intuition or predefined rules,
IntelliRefactor uses software metrics and machine
learning models to analyze code quality. This data-
driven approach allows developers to make more
informed decisions about which parts of the code
require improvement.

Finally, the IntelliRefactor framework supports
modern software development practices such as
continuous integration and agile development. In
these environments, developers frequently modify
code and release updates rapidly. IntelliRefactor can
provide automated analysis and recommendations
during the development process, helping developers
maintain high-quality code even in fast-paced
development cycles.

Overall, the proposed IntelliRefactor system provides
a powerful and intelligent approach to automated
code improvement. By combining static code
analysis, software quality metrics, and machine
learning techniques, the framework offers significant
advantages in terms of automation, scalability,

accuracy, and maintainability. These advantages
make IntelliRefactor a valuable tool for developers
seeking to maintain clean, efficient, and high-quality
software  systems in modern development
environments

V. SYSTEM DESIGN

A. System Architecture

System Architecture
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Figure 1: System Architecture

B. Module Description

IntelliRefactor: Module Description
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Figure 2: Module Description
C. Data Flow Diagram

IntelliRefactor: Al-Driven Code Improvement Framework
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Figure 3: Data Flow Diagram
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D. Database Diagram

IntelliRefactor: Database Diagram

Ref3ctbing Suggestions

file_id (PK) @ suggestion_id (PK)
| user_id (FK)

& file_id (FK)
file_name B suggestion_description

@ confidence_score

™ upload_date

—

Lo jd [
Database

£ QualityMetrics

metric_id (PK) 1 @ action_id (PK)
@ file_id (FK) user.id, fileid™ & cor id (FK)
@ metric_name @ file_id (FK)

| metric_value @ action_type
m analysis_date B action_date
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VI. IMPLEMENTATION

A. Hardware Requirements

The development and execution of the IntelliRefactor
system require a computing environment capable of
performing static code analysis, machine learning
processing, and data storage operations efficiently.
Since the proposed framework integrates multiple
tools and libraries such as JavaParser, SonarQube,
and the Weka machine learning framework, adequate
hardware resources are necessary to ensure smooth
system performance. The hardware requirements
mainly focus on providing sufficient computational
power, memory, and storage to process Java source
code, extract software metrics, and generate
refactoring recommendations.

One of the primary hardware components required
for the IntelliRefactor system is a central processing
unit (CPU) with sufficient processing capability. The
CPU is responsible for executing the core operations
of the system, including parsing source code,
performing quality analysis, and executing machine
learning algorithms. A modern multi-core processor
is recommended because the analysis of large
codebases may require simultaneous execution of
multiple tasks. Processors such as Intel Core i5, Intel
Core i7, or equivalent AMD processors provide
sufficient computational power for the development
and testing of the system.

Another important hardware requirement is system
memory (RAM). The IntelliRefactor framework
processes source code files, extracts structural
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information, and stores software metrics during
analysis. These operations require temporary
memory to handle intermediate data structures
such as Abstract Syntax Trees (AST) generated
by JavaParser and feature vectors used for
machine learning analysis. A minimum of 8 GB
RAM is recommended to ensure efficient
performance during code analysis and data
processing. For large-scale software projects or
extensive datasets, higher memory capacities such
as 16 GB RAM or more can significantly
improve performance and reduce processing time. In
addition to processing and memory resources,
secondary storage is also required for storing source
code files, analysis results, and machine learning
models. The IntelliRefactor system stores uploaded
Java source code, extracted quality metrics, and
prediction results in a database for future
reference. Therefore, a reliable storage system with
sufficient capacity is necessary. A minimum of
256 GB of storage is recommended for
development environments, while larger storage
capacities may be required for enterprise-level
implementations where large repositories of source
code are analyzed. Solid State Drives (SSD) are
preferred over traditional Hard Disk Drives
(HDD) because SSDs provide faster read and
write speeds, which can improve system
performance during code analysis operations.

Another hardware component that supports the
system is the display and user interface hardware.
Developers interact with the IntelliRefactor
framework through a graphical interface where they
upload source code and view refactoring suggestions.
A standard monitor with adequate resolution is
sufficient for displaying the system interface and
analysis results. Modern development environments
typically use monitors with resolutions such as 1920
x 1080 pixels or higher, which provide sufficient
screen space for viewing code and reports
simultaneously.

The IntelliRefactor system may also require network
connectivity =~ hardware =~ when  deployed in
distributed environments or when integrated with
remote repositories and development tools. Network
connectivity allows developers to upload code
repositories from version control systems and receive
analysis results through web interfaces. Standard
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network interfaces such as Ethernet or Wi-Fi are
sufficient for supporting these operations.

Finally, development hardware tools such as
keyboards, input devices, and external storage
devices may be used during system development and
testing. These components support the development
process by allowing developers to write, modify, and
test the system efficiently.

Overall, the hardware requirements for
IntelliRefactor are designed to ensure that the system
can perform static code analysis, machine learning
computations, and data management efficiently. With
appropriate hardware resources, the proposed
framework can process complex Java codebases,
extract software quality metrics, and generate
intelligent refactoring recommendations that help
developers maintain high-quality software systems.

B. Software Requirements

The IntelliRefactor system requires a set of software
tools and platforms to support the development,
execution, and analysis of the proposed framework.
Since the system integrates static code analysis,
machine learning techniques, and user interaction
through an interface, the software environment must
provide reliable programming tools, libraries, and
runtime support. These software components work
together to enable the system to analyze Java source
code, extract quality metrics, apply machine learning
models, and generate refactoring recommendations.
One of the primary software requirements for the
IntelliRefactor system is the operating system. The
system can be implemented on widely used operating
systems such as Microsoft Windows, Linux, or
macOS. In most development environments,
Windows 10 or later versions are commonly used
because they support popular development tools and
integrated development environments. Linux-based
systems can also be wused for large-scale
implementations because of their stability and
performance in server environments. The operating
system provides the basic environment required to
run the development tools, libraries, and frameworks
used in the system.

Another important software requirement is the
programming language environment. The
IntelliRefactor framework is implemented using the
Java programming language because of its platform

independence, strong library support, and wide usage
in enterprise applications. Java provides the
necessary tools and libraries required to perform
source code analysis, data processing, and machine
learning integration. The Java Development Kit
(JDK) is required to compile and execute the Java
programs used in the system.

To support development activities, an Integrated
Development Environment (IDE) is required. The
recommended IDE for this project is Eclipse IDE,
which provides advanced development tools such as
syntax highlighting, debugging support, code
management features, and plugin integration. Eclipse
allows developers to efficiently write, test, and
maintain the IntelliRefactor system. Other IDEs such
as IntelliJ IDEA or NetBeans can also be used, but
Eclipse is commonly preferred in academic and
research environments.

A key component of the IntelliRefactor system is the
JavaParser library, which is used for static code
analysis. JavaParser is a powerful tool that analyzes
Java source code and generates an Abstract Syntax
Tree (AST). The AST represents the hierarchical
structure of the program and allows the system to
analyze elements such as classes, methods, variables,
and control structures. This structural analysis is
essential for understanding the relationships between
different components of the code.

Another important software tool used in the system is
SonarQube, which is responsible for extracting
software quality metrics. SonarQube performs static
analysis on the source code and identifies issues such
as code smells, duplicated code segments, and high
complexity levels. It also calculates metrics such as
cyclomatic complexity and maintainability index,
which provide insights into the overall quality of the
software. These metrics are later used as input
features for machine learning analysis.

The IntelliRefactor system also requires a machine
learning framework for analyzing the extracted
software metrics. The project uses the Weka machine
learning library, which provides a collection of
algorithms for classification, clustering, and data
mining tasks. Weka allows the system to analyze
patterns in software metrics and predict potential
refactoring opportunities. Machine learning models
such as decision trees or random forest classifiers can
be used to evaluate code quality and generate
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intelligent recommendations.

In addition to these tools, the system also requires a
database management system for storing analysis
results and user data. The project uses PostgreSQL as
the database system because of its reliability,
scalability, and support for complex queries. The
database stores information such as uploaded source
code files, extracted quality metrics, machine
learning predictions, and generated refactoring
suggestions.

For the user interface, the IntelliRefactor system uses
HTML and Bootstrap for building a simple and
responsive web interface. This interface allows
developers to upload Java source code and view the
analysis results in a clear and structured format.
Bootstrap provides responsive design features that
ensure the system interface can be accessed on
different screen sizes and devices.

Overall, the software requirements of the
IntelliRefactor framework provide a complete
environment for developing and executing the
proposed system. By combining programming tools,
static  analysis  libraries, machine learning
frameworks, and  database systems,  the
IntelliRefactor platform enables efficient analysis of
software code and generation of intelligent
refactoring recommendations. These software
components collectively support the goal of
improving software maintainability, readability, and
overall code quality in modern development
environments.

C. Implementation

The implementation of the IntelliRefactor framework
focuses on integrating static code analysis techniques
with machine learning algorithms to automatically
detect potential code refactoring opportunities. The
system is designed to analyze Java source code,
extract important code quality metrics, and generate
intelligent recommendations for improving software
maintainability and readability. The implementation
process involves several stages including code input,
structural parsing, quality analysis, machine learning
processing, and recommendation generation.

The first stage of the implementation involves the
input module, where developers upload Java source
code files for analysis. The system provides a simple
interface that allows users to select and upload
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individual source files or complete project
directories. Once the source code is uploaded, the
system stores the files temporarily and prepares them
for further processing. The input module also verifies
the file format to ensure that only valid Java source
files are analyzed by the system.

The second stage of implementation is the code
parsing process. In this stage, the system uses the
JavaParser library to analyze the structure of the
uploaded Java source code. JavaParser generates an
Abstract Syntax Tree (AST) that represents the
hierarchical structure of the program. The AST
provides detailed information about program
elements such as classes, methods, variables, loops,
and conditional statements. By analyzing the AST,
the system can understand the relationships between
different parts of the code and identify structural
patterns that may indicate potential design issues.
After the structural analysis is completed, the system
performs code quality analysis using SonarQube.
SonarQube is a widely used static analysis platform
that evaluates source code and extracts software
quality metrics. During this stage, the system collects
several important metrics such as cyclomatic
complexity, maintainability index, duplicated code
segments, and detected code smells. These metrics
provide valuable insights into the quality and
maintainability of the software code.

Once the code quality metrics are extracted, the
system performs feature engineering to prepare the
collected data for machine learning analysis. In this
stage, the extracted metrics and structural information
are converted into feature vectors that represent
different characteristics of the source code. Each
feature vector contains multiple attributes describing
the complexity, size, and structure of the code
components. These features serve as input for the
machine learning models used in the system.

The next stage of implementation involves the
machine learning module, which is developed using
the Weka machine learning framework. Weka
provides several algorithms that can be used for
classification and prediction tasks. In this project,
machine learning algorithms are used to analyze
patterns within the extracted software metrics and
identify potential refactoring opportunities. The
machine learning model is trained using datasets that
contain examples of code structures and associated
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quality indicators. After training, the model can
predict whether certain parts of the code require
refactoring.

Once the machine learning analysis is completed, the
results are passed to the recommendation module.
This module interprets the predictions generated by
the machine learning model and converts them into
meaningful suggestions for developers. For example,
if a method has high cyclomatic complexity, the
system may recommend splitting the method into
smaller functions. Similarly, if duplicated code
segments are detected, the system may suggest
extracting common logic into reusable methods.

The final stage of implementation is the output and
visualization module, where the analysis results are
presented to the user through a graphical interface.
The interface displays information such as detected
code issues, software quality metrics, and
recommended refactoring actions. Developers can
review these suggestions and apply the recommended
changes to improve the structure and maintainability
of their code.

The implementation of IntelliRefactor demonstrates
how static code analysis tools and machine learning
techniques can be combined to provide intelligent
assistance for software development. By automating
the process of detecting refactoring opportunities, the
system reduces the manual effort required for code
analysis and helps developers maintain high-quality
software systems.

Furthermore, the modular design of the
IntelliRefactor framework allows the system to be
easily extended and integrated with other
development tools. For example, the system can be
integrated into continuous integration pipelines to
analyze code automatically during the development
process. Future implementations may also extend the
framework to support multiple programming
languages and incorporate advanced machine
learning models for improved prediction accuracy.
Overall, the implementation of IntelliRefactor
provides an effective and scalable solution for
automated code quality improvement in modern
software development environments.

D. Algorithm
The IntelliRefactor framework uses a structured
algorithm that integrates static code analysis and

machine learning techniques to automatically detect
potential code refactoring opportunities. The
algorithm processes Java source code through several
stages, including code parsing, feature extraction,
quality analysis, machine learning prediction, and
recommendation generation. Each stage contributes
to identifying patterns associated with poor code
quality and generating meaningful suggestions for
improving the structure and maintainability of the
software.

The process begins when the developer uploads Java
source code files into the IntelliRefactor system. The
system first performs validation to ensure that the
uploaded files are valid Java source files. After
validation, the source code is forwarded to the code
analysis module where the structural analysis process
begins.

The structural analysis stage uses the JavaParser
library to parse the source code and generate an
Abstract Syntax Tree (AST). The AST represents the
hierarchical structure of the program and provides
detailed information about code elements such as
classes, methods, variables, loops, and conditional
statements. By analyzing the AST, the system can
understand the internal organization of the program
and identify components that may require further
analysis.

After generating the AST, the system performs code
quality analysis using static analysis tools such as
SonarQube. This stage extracts several important
software metrics that are used to evaluate the quality
of the source code. Some of the key metrics include
cyclomatic complexity, maintainability index,
duplicated code segments, and the presence of code
smells. These metrics provide quantitative indicators
that help identify problematic areas in the code.

Once the quality metrics are extracted, the algorithm
performs feature extraction and data preparation. In
this stage, the collected metrics and structural
information are transformed into feature vectors
suitable for machine learning processing. Each
feature vector represents a specific code component
such as a method or class and contains attributes
describing its complexity, size, and structural
characteristics.

The prepared feature vectors are then processed by
the machine learning module implemented using the
Weka framework. Machine learning algorithms such
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as decision trees or random forest classifiers analyze
the feature vectors to identify patterns associated with
poor code quality. The machine learning model is
trained using datasets containing examples of code
structures and  their associated  refactoring
requirements. Once the training process is complete,
the model can predict whether a particular code
segment requires refactoring.

After the machine learning model produces
predictions, the system processes these results in the
recommendation generation stage. In this stage, the
predicted outputs are interpreted to generate
meaningful refactoring suggestions. For example, if
the algorithm detects a method with high cyclomatic
complexity, the system may recommend splitting the
method into smaller functions. Similarly, if
duplicated code is identified across multiple classes,
the system may suggest extracting common logic into
reusable methods or classes.

The final stage of the algorithm involves presenting
the results to the developer through the user interface.
The system generates a report containing detected
code quality issues, relevant software metrics, and
recommended refactoring actions. Developers can
review these suggestions and apply the recommended
improvements to enhance the maintainability and
readability of the source code.

The algorithm used in IntelliRefactor provides
several advantages compared to traditional rule-based
systems. By integrating machine learning techniques
with static code analysis, the algorithm can identify
complex patterns that may not be detectable using
simple rule-based approaches. This enables the
system to generate more intelligent and context-
aware refactoring recommendations.

Furthermore, the algorithm is designed to be scalable
and efficient, allowing it to analyze large codebases
commonly found in modern software systems. The
modular structure of the algorithm also allows future
enhancements, such as incorporating deep learning
models or extending support to additional
programming languages.

Overall, the IntelliRefactor algorithm provides an
effective approach for automated code analysis and
refactoring recommendation. By combining structural
analysis, software quality metrics, and machine
learning techniques, the algorithm helps developers
maintain cleaner, more maintainable, and higher-
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quality software systems
VII. RESULT ANALYSIS

The evaluation of the IntelliRefactor framework
focuses on analyzing its ability to detect potential
code refactoring opportunities and generate
meaningful recommendations for improving software
quality. The system was tested using multiple Java
source code samples of varying sizes and complexity
levels. The goal of the evaluation was to determine
how effectively the system could analyze code
structure, extract quality metrics, and identify areas
where refactoring would improve maintainability and
readability.

During the evaluation process, several Java projects
were used as input for the IntelliRefactor system.
These projects contained different code structures,
including small utility programs, medium-scale
applications, and larger project modules. The system
processed these source files using its structured
pipeline consisting of parsing, quality analysis,
machine learning prediction, and recommendation
generation stages.

The first stage of analysis involved the structural
parsing of source code using the JavaParser library.
JavaParser successfully generated Abstract Syntax
Trees (AST) for the uploaded Java source files. The
AST representation allowed the system to analyze
program elements such as classes, methods, loops,
conditional statements, and variable declarations.
This structural analysis was important because it
provided the necessary information required for
detecting potential code design issues.

After the structural parsing stage, the IntelliRefactor
system performed code quality analysis using
SonarQube. The quality analysis module extracted
several software metrics that are widely used in
software engineering to measure code quality. These
metrics included
maintainability index, duplicated code percentage,
and the presence of code smells such as long
methods, large classes, and deeply nested conditional
statements.

cyclomatic complexity,

The extracted metrics were then processed in the
feature engineering stage, where the system
converted the collected data into feature vectors
suitable for machine learning analysis. Each feature
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vector represented specific characteristics of a code
component such as a class or method. These features
included code complexity values, method lengths,
duplication indicators, and maintainability scores.
The machine learning module implemented using the
Weka framework analyzed these feature vectors to
predict potential refactoring opportunities. Machine
learning algorithms such as decision tree
classifiers were used to analyze patterns within
the dataset. The trained model was able to identify
relationships between code quality metrics and code
structures that typically require refactoring.

The results showed that the IntelliRefactor system
could identify several types of code improvement
opportunities. For example, methods with high
cyclomatic complexity were correctly detected and
flagged for potential refactoring. In such cases, the
system recommended splitting large methods into
smaller and more manageable functions. Similarly,
the system detected duplicated code segments across
multiple classes and suggested extracting common
functionality into reusable methods.

Another important result observed during the
evaluation was the system’s ability to detect code
smells that negatively affect software maintainability.
Examples of detected code smells included long
methods, excessive conditional nesting, and classes
with too many responsibilities. The system provided
recommendations such as method extraction, class
restructuring, and simplification of conditional
statements to address these issues.

In addition to detecting code issues, IntelliRefactor
also generated refactoring recommendations that
were understandable and actionable for developers.
The system provided clear descriptions of the
detected issues along with suggested improvements.
For instance, when a method exceeded a
recommended complexity threshold, the system
explained why the complexity was problematic and
suggested splitting the method into smaller logical
components.

Another significant observation from the results was
the efficiency of the analysis process. The
IntelliRefactor system was able to process multiple
source code files within a reasonable time frame. The
use of static analysis techniques combined with
machine learning allowed the system to analyze large
portions of the codebase automatically without

requiring extensive manual intervention from
developers.

The evaluation results also demonstrated that
integrating machine learning with static code analysis
improves the effectiveness of automated refactoring
systems. Traditional rule-based tools often rely on
predefined thresholds that may not adapt well to
different software projects. In contrast, the machine
learning approach used in IntelliRefactor can identify
patterns in software metrics and generate more
context-aware recommendations.

Furthermore, the modular architecture of the
IntelliRefactor framework allows the system to be
extended in future implementations. For example,
additional machine learning algorithms can be
incorporated to improve prediction accuracy, and
support for additional programming languages can be
added by integrating other parsing libraries.

Overall, the results of the evaluation demonstrate that
the IntelliRefactor framework is capable of
effectively analyzing Java source code and
identifying potential refactoring opportunities. The
system successfully integrates structural code
analysis, software quality metrics, and machine
learning  techniques to  provide intelligent
recommendations for improving software
maintainability and code quality.

The analysis confirms that automated code
improvement frameworks like IntelliRefactor can
significantly assist developers in maintaining clean,
efficient, and high-quality software systems,
particularly in large and complex software
development environments.

VIII. CONCLUSION

This project successfully Maintaining high-quality
software code is a fundamental requirement in
modern software development. As software systems
continue to grow in complexity, developers face
increasing challenges in maintaining code readability,
reducing complexity, and ensuring long-term
maintainability. Code refactoring plays an important
role in addressing these challenges by improving the
internal structure of software without altering its
external  functionality. =~ However, traditional
approaches to refactoring often rely heavily on
manual developer effort or rule-based static analysis
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tools, which may not always provide intelligent or
context-aware recommendations.

This research introduced IntelliRefactor, an Al-
driven semantic code improvement framework
designed to automatically analyze Java source code
and identify potential refactoring opportunities. The
proposed system integrates static code analysis
techniques with machine learning algorithms to
improve the process of detecting code quality issues
and recommending structural improvements.

One of the key contributions of this work is the
integration of multiple technologies to create an
automated code analysis pipeline. The system uses
JavaParser to perform structural analysis of source
code by generating an Abstract Syntax Tree (AST),
which represents the hierarchical organization of the
program. This structural representation allows the
system to understand relationships between different
program components such as classes, methods,
variables, and control flow structures.

In addition to structural analysis, the IntelliRefactor
framework uses SonarQube to extract important
software quality metrics such as cyclomatic
complexity, maintainability index, duplicated code,
and code smells. These metrics provide valuable
insights into the quality and maintainability of the
source code. By analyzing these metrics, the system
can identify problematic areas that may require
refactoring.

Another important contribution of this research is the
integration of machine learning techniques using the
Weka framework. Machine learning models analyze
patterns within the extracted software metrics and
identify relationships between code structures and
potential refactoring opportunities. Unlike traditional
rule-based systems, machine learning approaches can
learn complex patterns from data and generating
more intelligent and context-aware recommendations.
The results of the system evaluation demonstrate that
IntelliRefactor can effectively analyze Java source
code and detect various types of code quality issues.
The system successfully identifies code smells such
as long methods, duplicated code, and complex
conditional structures. In addition, the system
generates meaningful refactoring suggestions that can
help developers improve code readability and
maintainability.

One of the major advantages of the IntelliRefactor

framework is its ability to automate the refactoring
detection process. Developers often spend significant
time reviewing large codebases to identify areas that
require improvement. By automating this process,
IntelliRefactor reduces the manual effort required for
code analysis and helps developers focus on
implementing improvements rather than searching for
problems.

Another advantage of the proposed system is its
scalability. ~ The  modular  architecture  of
IntelliRefactor allows it to analyze large software
systems efficiently. The system can process multiple
source code files, extract metrics, and generate
recommendations within a reasonable time frame.
This makes the framework suitable for analyzing
both small projects and large enterprise applications.
Furthermore, the use of machine learning techniques
enables the system to provide data-driven
recommendations. Instead of relying solely on
predefined rules, the system learns patterns from
software metrics and uses this knowledge to identify
potential refactoring opportunities. This approach
allows the system to adapt to different software
projects and provide more accurate suggestions.
Despite the advantages of the IntelliRefactor
framework, there are several opportunities for future
improvements.  For  example, the current
implementation primarily focuses on analyzing Java
source code. Future research could extend the
framework to support additional programming
languages such as Python, C++, or JavaScript by
integrating  language-specific  parsing libraries.
Supporting multiple programming languages would
make the system more versatile and useful in a wider
range of development environments.

Another area for future research involves improving
the accuracy of machine learning models used for
refactoring prediction. Advanced techniques such as
deep learning and transformer-based models could be
integrated into the system to enhance its ability to
understand complex code semantics. These
techniques may allow the system to generate even
more precise and context-aware recommendations.

In addition, the IntelliRefactor framework could be
integrated with modern development environments
and continuous integration pipelines.  Such
integration would allow developers to receive real-
time feedback about code quality during the
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development process. Automated analysis during
continuous integration could help teams maintain
high code quality standards throughout the software
development lifecycle.

Overall, the IntelliRefactor framework demonstrates
the potential of combining static code analysis and
machine learning techniques to improve software
quality. By automating the detection of refactoring
opportunities and providing intelligent
recommendations, the system supports developers in
maintaining clean, maintainable, and efficient
codebases.

The research presented in this work contributes to the
ongoing efforts in the field of intelligent software
engineering tools. As software systems continue to
grow in complexity, tools like IntelliRefactor will
play an increasingly important role in helping
developers maintain high-quality software and
improve the efficiency of software development
processes.
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