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Abstract

Code smells are indicators of potential design flaws in object-oriented systems that can lead to
maintenance challenges, reduced performance, and increased technical debt. Refactoring these smells is
essential to improving software quality. However, the process of sequencing refactoring’s efficiently
remains a complex optimization problem. We analyse existing research on refactoring strategies,
highlighting how heuristic, metaheuristic, and machine learning-based techniques have been combined
to optimize refactoring decisions. Various hybrid models such as genetic algorithms, particle swarm
optimization, ant colony optimization, and deep learning have been compared with our suggested hybrid
metaheuristic method to balance code maintainability, modularity, and performance. Our study
categorizes these methods based on their effectiveness in detecting and mitigating different types of code
smells, including long methods, large classes, and feature envy. We also discuss empirical evaluations that
compare different hybrid approaches, shedding light on their strengths and limitations.
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1.INTRODUCTION

Software refactoring is a disciplined process of improving the internal structure of software while
preserving its external functionality [1]. It plays a crucial role in software engineering by enhancing code
maintainability, readability, and performance. As software systems grow in complexity, developers
frequently encounter technical debt accumulated compromises in code quality that hinder future
modifications [2]. Refactoring serves as a primary technique for managing technical debt, ensuring
software remains adaptable and scalable over time.The need for software refactoring arises from various
factors, including poor code design, code smells, and evolving software requirements [3]. Code smells,
first introduced by Fowler [1], are indicators of sub-optimal code structures that can lead to software
degradation if left unaddressed. These smells include duplicated code, long methods, and large classes,
which contribute to increased maintenance effort and potential software defects [4]. By systematically
applying refactoring techniques such as method extraction, class decomposition, and design pattern
integration, developers can improve software maintainability and reduce defect density [5]. Overly
complicated methods, duplicated code, and improper encapsulation are a few examples of code smells
that impair flexibility and maintainability.

® Long Method: An approach that is difficult to comprehend and uphold because it is overly drawn
out and takes on too many tasks.

® Large Class: A class that has too many duties, which goes against the Single Responsibility Principle
and makes it challenging to oversee or grow.
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® Duplicate Code: Code blocks that are repeated across the codebase raise maintenance costs and the
possibility of inconsistent changes.

® Inappropriate Intimacy: When a class utilizes another class's methods or attributes excessively, it
creates a tight coupling and less modularity.

® Feature Envy: A method that shows misplaced responsibilities by extensively relying on accessing
the methods or attributes of another class rather than concentrating on its own.

® Switch Statements: Polymorphism could be used to improve extensibility and maintainability in
favour of the overuse of if-else or switch structures.

® Data Clumps: For better organization, groups of data fields that commonly occur together could be
enclosed into a separate class.

Software refactoring techniques are categorized into several types, including code-based refactoring,
design refactoring, and architectural refactoring [6]. Code-based refactoring focuses on restructuring
source code by simplifying expressions, improving variable naming, and eliminating redundant
operations [7]. Design refactoring involves modifying object-oriented design principles to enhance
modularity, while architectural refactoring addresses high-level system structures to improve scalability
and performance [8]. The impact of software refactoring is often measured using software quality metrics
such as maintainability, complexity, cohesion, and coupling [9]. Maintainability, as defined by ISO/IEC
25010, refers to the ease with which a software system can be modified to correct faults, improve
performance, or adapt to a changing environment. Empirical studies suggest that refactoring positively
influences maintainability by reducing complexity and increasing code reusability [12]. However, excessive
refactoring without a clear strategy may lead to unintended consequences, such as increased development
time and reduced system stability.In recent years, automated refactoring tools such as Eclipse JDT, Intelli]
IDEA, and Refactoring Miner have gained popularity for assisting developers in identifying and
implementing refactoring’s efficiently [13]. These tools leverage static and dynamic analysis techniques to
detect refactoring opportunities and suggest optimal [14]. Despite advancements in automated
refactoring, challenges remain in ensuring tool accuracy, preserving software behaviour, and integrating
refactoring into continuous development pipelines [15].This study aims to provide a comprehensive
analysis of software refactoring techniques, their implementation, and their impact on software
maintainability. By reviewing existing literature and empirical findings, this research seeks to answer key
questions regarding the effectiveness of different refactoring strategies, the role of automation, and best
practices for maintaining software quality. The study will also explore the trade-offs associated with
refactoring and its implications for software development teams.

2. BACKGROUND

2.1 Refactoring Classification Frameworks

Almogahed et al. [16] proposed a structured framework that categorizes refactoring techniques at different
levels of object-oriented design. The framework integrates Encapsulate Field, Extract Method, and Pull-
Up Method, targeting improvements in both subclass and superclass structures. These refactoring
techniques help enhance code reusability, modularity, and maintainability. The study utilized key software
metrics such as Lines of Code (LOC), Weighted Methods per Class (WMC), Response for Class (RFC),
Number of Methods (NOM), and Fan-Out (FOUT) to measure the effectiveness of refactoring in
enhancing code maintainability and reducing complexity. By systematically applying these techniques, the
study demonstrated how structured refactoring leads to higher code clarity and reduced technical debt.

2.2 Optimization-Based Refactoring

Abu Hasan et al. [17] introduced an Optimization-Based Refactoring approach that leverages Multi-
Objective Optimization (MOQO) and Evolutionary Optimization (EO) techniques. These optimization
algorithms prioritize refactoring tasks by considering multiple software quality objectives simultaneously.
The study focused on improving software maintainability, complexity reduction, and overall system
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performance. By implementing evolutionary techniques, the research highlighted how automated
optimization methods outperform traditional manual refactoring in achieving higher-quality code
structures. The findings emphasize the role of metaheuristic algorithms in efficiently handling large-scale
refactoring operations, reducing software defects, and enhancing maintainability.

2.3 Developer Perception and Refactoring Adoption

Omar et al. [18] conducted a study on developer attitudes and the adoption of refactoring across different
programming paradigms, including object-oriented, object-based, and markup languages. The research
explored the key factors influencing developers' willingness to apply refactoring techniques, such as
awareness, tool support, and perceived benefits. The study utilized Precision, Recall, and F-measure as
evaluation metrics to assess the effectiveness of refactoring practices adopted by developers. The results
showed significant variations in refactoring adoption rates among different language paradigms,
indicating that developer familiarity, learning curves, and tool availability play crucial roles in determining
refactoring effectiveness.

2.4 Software Refactoring Recommendation Systems

Gaoa et al. [19] proposed a Software Refactoring Recommendation System (SRRS) designed to assist
developers in identifying potential refactoring opportunities within codebases. The system was developed
as an Eclipse-based prototype, incorporating automated detection and recommendation of refactoring
patterns. The effectiveness of the system was evaluated using NOSE PRINTS, a metric used to assess the
accuracy and relevance of refactoring suggestions. The research demonstrated that intelligent
recommendation systems can significantly reduce the manual effort required for refactoring by guiding
developers toward optimal code restructuring decisions. The findings emphasize the role of machine-
assisted refactoring in improving software maintainability.

2.5 Machine Learning-Based Refactoring

Sidhu et al. [20] introduced a Machine Learning (ML)-based UML Refactoring approach, leveraging
TensorFlow’s Python API and various Software Design (SD) metrics. This study demonstrated how ML
techniques can be employed to predict and automate refactoring decisions in UML-based software
models. By analyzing patterns in software design, the model was trained to identify structural inefficiencies
and suggest appropriate refactoring strategies. The research highlighted the potential of ML-driven
refactoring in reducing manual effort, enhancing design consistency, and improving overall software

quality.

2.6 Influence of Refactoring on Software Quality

Kaur S et al. [21] examined the impact of refactoring on software quality, specifically focusing on code
maintainability, readability, and performance. The study utilized widely recognized software tools such as
JHotDraw and Gantt Project to measure quality enhancements before and after refactoring. The analysis
revealed that structured refactoring significantly improves software maintainability by reducing code
complexity and redundancy. The study further emphasized that well-planned refactoring interventions
lead to long-term benefits, including easier debugging, enhanced extensibility, and reduced maintenance
costs.

2.7 Cost Estimation in Software Refactoring

M. Sengottuvelan et al. [22] explored the economic implications of software refactoring, proposing a cost
estimation model based on Particle Swarm Optimization (PSO) and Constructive Cost Model
(COCOMO). The study aimed to quantify the financial impact of refactoring decisions by integrating
Quality Functional Deployment (QFD) techniques. The findings demonstrated that accurate cost
estimation is essential for optimizing refactoring efforts, ensuring that resources are allocated effectively
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without unnecessary expenditure. By applying swarm intelligence, the study provided a robust framework
for minimizing refactoring costs while maximizing software quality benefits.

2.8 Deep Learning for Multilingual Refactoring

Li et al. [23] introduced a deep learning-based approach for multilingual code refactoring detection,
incorporating models such as RefT5, CodeT5, and BiLSTM-attention networks. The research focused on
enhancing the accuracy of refactoring detection across different programming languages, enabling cross-
language software maintenance. The study demonstrated that deep learning models can effectively
identify code smells and recommend refactoring strategies, thereby automating multilingual refactoring
processes. The experimental results showed that RefT5 and CodeT5 models outperformed traditional
static analysis tools in detecting and classifying refactoring opportunities.

2.9 Hybrid Networking for Refactoring Prediction

Pandiyavathi et al. [24] proposed a Hybrid Networking Approach for predicting software refactoring
needs, integrating advanced deep learning models such as Adaptive and Attentive Dilation Adopted
Hybrid Network (AADHN), Deep Temporal Context Networks (DTCN), Bi-LSTM, and CIU-GTBO.
This research aimed to enhance refactoring prediction accuracy by leveraging temporal and contextual
patterns in software evolution. The study demonstrated that hybrid models combining deep learning with
temporal analysis provide superior performance in forecasting software quality degradation and
recommending proactive refactoring actions. The findings underscore the potential of Al-driven
predictive analytics in improving software reliability and maintainability.

2.8 Code Smell Identification Techniques

Gupta et al. [25] investigated various techniques for identifying code smells and their role in refactoring
decisions. The study compared static analysis, dynamic analysis, and machine learning-based detection
approaches, highlighting their effectiveness in recognizing problematic code structures. The research
demonstrated that hybrid approaches combining multiple detection techniques yield the most accurate
results, enabling developers to prioritize refactoring efforts based on severity levels.

2.9 Automated Refactoring Tools

M Alharbi et al. [26] evaluated the effectiveness of automated refactoring tools, such as JDeodorant and
Refactoring Miner, in streamlining code improvements. The study analysed how these tools assist
developers in applying Extract Method, Inline Method, and Move Class refactorings with minimal
manual intervention. The findings emphasized that automated refactoring tools significantly reduce
technical debt by providing intelligent suggestions and enforcing best coding practices.

2.10 Refactoring in Continuous Integration Pipelines

Chakraborty et al. [27] explored the integration of refactoring practices within Continuous Integration
(CI) pipelines. The study demonstrated how automated refactoring tools, when incorporated into CI
workflows, enhance software quality by detecting and addressing design flaws early in the development
cycle. The findings highlighted that embedding refactoring within CI/CD processes leads to sustainable
software evolution with minimal disruption.

2.11 Impact of Refactoring on Code Comprehension

Asaad et al. [28] in modern software engineering, design patterns play a critical role by offering proven,
reusable solutions to common design challenges. Among these, the Gang of Four (GoF) patterns stand
out as a foundational framework that continues to influence software design practices. This article
examines the enduring impact of GoF design patterns on contemporary software development
methodologies by analyzing their implementation in current projects and frameworks. Additionally, it
provides a comprehensive evaluation of various design pattern identification techniques, assessing their
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relevance and effectiveness in real-world development contexts. By integrating theoretical insights with
practical research, this study aims to clarify the role of design patterns in software engineering and offer
guidance on selecting appropriate detection methods for software projects.

2.12 Design Patterns and Refactoring

Verma et al. [29] examined the relationship between software design patterns and refactoring strategies.
The research highlighted how applying design patterns such as Factory Method and Singleton during
refactoring enhances code flexibility and maintainability. The study demonstrated that incorporating
design patterns in refactoring efforts leads to more scalable and reusable software architectures.

2.13 Refactoring for Parallel Computing

Khudhair et al. [30] proposed a refactoring framework tailored for parallel computing environments. The
study focused on restructuring sequential code to optimize parallel execution efficiency using OpenMP
and MPI paradigms. The findings emphasized that refactoring for parallelism significantly improves
performance by reducing synchronization overhead and maximizing hardware utilization.

2.14 Refactoring and Technical Debt Management

Tang et al. [31] investigated the role of refactoring in managing technical debt. The research categorized
technical debt into code debt, design debt, and architecture debt, analysing how targeted refactoring
interventions mitigate long-term software deterioration. The study concluded that systematic refactoring
is essential for preventing software entropy and ensuring sustainable development.

2.15 Refactoring in Domain-Specific Languages

Li et al. [32] explored the application of refactoring techniques in Domain-Specific Languages (DSLs).
The research analysed how language-specific refactorings, such as syntax normalization and expression
simplification, improve DSL maintainability. The study emphasized that domain-aware refactoring leads
to more efficient and user-friendly DSL implementations.

2.16 Developer Experience and Refactoring Productivity

Razzaq et al. [33] developer experience (Dev-X) examines how developers' perceptions and work
conditions affect software development, including critical activities like refactoring. This study reviews
218 papers to identify 33 Dev-X factors and 41 practices across 10 themes, highlighting their impact on
developer productivity (Dev-P). In the context of refactoring, factors such as task clarity, tool support, and
reduced interruptions improve productivity, while code complexity and inconsistent practices hinder it.
The findings suggest targeted Dev-X improvements can enhance refactoring efficiency and overall software

quality.
2.17 Case Study on Large-Scale Refactoring

R Kasauli et al. [34] presented a case study on refactoring a large-scale enterprise application. The study
detailed the challenges encountered, including dependency management, regression testing, and
stakeholder coordination. The findings provided insights into best practices for planning and executing
large-scale refactoring projects without compromising system stability.

2.18 Metrics for Evaluating Refactoring Success

Cordeiro et al. [35] proposed a set of metrics for assessing refactoring success, including Maintainability
Index, Cyclomatic Complexity, and Code Churn Rate. The study demonstrated how quantitative metrics
provide objective insights into the impact of refactoring on software quality. The research emphasized
that continuous monitoring of these metrics helps developers make informed refactoring decisions.
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2.19 Refactoring and Software Evolution

Ivers et al. [36] despite advances in automation tools, complex tasks like reengineering and refactoring
legacy software still demand significant resources and are often supported by error-prone technologies.
Adapting large codebases (IM+ SLOC) to evolving requirements remains a costly, high-risk process that
relies heavily on manual effort. Software engineering research has long overlooked the need for practical,
scalable tools for software evolution. This paper introduces a concept for large-scale automated
refactoring, leveraging recent progress in search-based software engineering to address these industrial
challenges.

2.20 Socio-Technical Aspects of Refactoring

Ullah et al. [37] investigated the socio-technical aspects of refactoring, including team collaboration,
knowledge sharing, and organizational culture. The study highlighted that fostering a culture of
continuous improvement and providing adequate tool support enhances refactoring adoption. The
research concluded that technical and human factors must be considered for successful refactoring
implementation.

3. Proposed Methodology
3.1 Proposed Hybrid Algorithm Tunicate Swarm Algorithm (TSA) and Spotted Hyena Optimizer
(SHO)

1. Theory and Explanation
A. Tunicate Swarm Algorithm (TSA) Overview

e Inspired by: The collective movement and jet propulsion of tunicates in water.
e Features:

1. Good for exploration of the search space.
2. Balances position update using the best-found solution and social interaction.
3. Uses random drift to prevent premature convergence.

B. Spotted Hyena Optimizer (SHO) Overview

e Inspired by: The hunting behavior of spotted hyenas.
e Features:

1. Good for exploitation, simulating encircling and attacking prey.
2. Uses mathematical modeling for attacking and encircling strategies.
3. Four phases: searching, encircling, hunting, and attacking.

C. Hybrid TSA-SHO Model for Refactoring Sequencing (HTSA-SHO)
This hybrid model aims to leverage the exploration capabilities of TSA with the exploitation strengths of
SHO to effectively optimize the order of refactoring operations.

Problem Definition (Simple Mathematical & Algorithmic Analogy):

Refactoring sequencing is about finding the optimal order of these operations to minimize total cost and
dependencies while ensuring the final state is reached correctly.
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Hybrid Model (HTSA-SHO) Architecture:
The HTSA-SHO model will operate in phases, where TSA handles global exploration and SHO refines

local solutions.

1. Initialization:

Population: Generate an initial population of candidate refactoring sequences. Each individual
in the population is a permutation of the available refactoring operations.

Representation: Each solution (refactoring sequence) can be represented as an array or list of
integers, where each integer corresponds to a specific refactoring operation ID.

Fitness Evaluation: Evaluate the fitness of each initial sequence using the defined objective
function (Cost(S)). Lower cost implies higher fitness.

2. Core Hybrid Algorithm:
The algorithm will iterate for a predefined number of generations. In each generation:

Phase A: Tunicate Swarm Algorithm (TSA) - Exploration

Search Agent Update (Prey Movement): Apply the TSA update rules to a portion of the
population (e.g., 70-80%).

1. Avoiding Collision: Tunicates move away from each other to avoid collision. This can
be simulated by adjusting positions based on distances to neighbors.

2. Swarm Intelligence (Moving towards food source): Tunicates move towards the best
individual (food source) found so far. The position update equation will guide
individuals towards the current global best sequence found.

3. Mathematical Analogy: In our refactoring context, this translates to generating new
sequences by subtly reordering existing ones, moving towards sequences that have
demonstrated lower costs. This helps in exploring different permutation landscapes.

Phase B: Spotted Hyena Optimizer (SHO) - Exploitation

Encircling Prey: The top performing individuals from the TSA phase (or a selected portion of
the population) are chosen as "hyenas" for the SHO phase. These hyenas "encircle" the best
solution (the "prey"). This involves updating their positions based on the current best individual
found so far.

Hunting (Attacking Prey): SHO's hunting mechanism, where hyenas attack the prey in groups,
can be adapted to perform local search around promising solutions.

1. Clustering: Hyenas form clusters around the best solution. This translates to creating
several highly similar sequences by making small, targeted modifications to the best
sequence (e.g., transpositions, insertions, or inversions of small subsequences).

2. Position Update: Each hyena's position (sequence) is updated based on the position of
the best hyena in its cluster and the overall best solution found.

3. Mathematical Analogy: This is where the fine-tuning happens. If a sequence is close to
optimal, SHO will try very small, specific changes (e.g., swapping two operations that are
problematic, or moving an operation to satisfy a dependency) to further reduce the cost.

Search for Prey: The SHO also includes a component for searching for new prey, which can
introduce some randomness and prevent getting stuck in local optima. This could involve
generating a few completely new random sequences or making more significant perturbations to
existing ones.

3. Elitism:
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e  Always carry over the best performing solution(s) from the previous generation to the next. This
ensures that the algorithm doesn't lose good solutions found so far.

4. Termination:

Hybrid TSA-SHO Model Equations:

The hybrid model integrates these equations, typically in a sequential or phased manner within each
iteration.

Let's denote the population as P.
Overall Hybrid Algorithm Flow (Mathematical Perspective):
For each iteration -; to Max_Iterations:

1. TSA Phase (Exploration - Applied to a portion of the population, e.g., PTSA): For each individual
X € PTSA:
o Calculate avoiding collision and moving towards food components.
o Update X ;.; using TSA rules, but applying permutation operators.
» If the TSA rule suggests moving towards X .. ‘, apply permutation operators
(e.g., swaps, insertions) that make X ;, more similar to X j .
* If the TSA rule suggests random movement, apply random permutation
operators.

2. Asexual Reproduction (Random Perturbations - applied to a small subset of PTSA): For a small
percentage of individuals in PTSA:

o X j.=Apply random permutation operators to X ; (e.g., a single random swap,
insertion).

3. SHO Phase (Exploitation - Applied to a selected subset of the updated population, e.g., PSHO):
Let PSHO be the M best individuals from the combined updated population (after TSA phase).
For each hyena X ;, € PSHO:

o Encircling Prey / Attacking Prey / Searching for Prey (based on SHO logic):
* Calculate A and C vectors.
»  Determine target (either X ., * or a randomly chosen hyena).
»  Update X ;. using SHO rules, but applying permutation operators.
» If SHO rule suggests moving towards X 1. ', apply permutation
operators that make X ;; more similar to X e "
* If SHO rule suggests forming a cluster and attacking, apply permutation
operators that generate variations of X ; that are close to X . .
4. Combine and Select:
0 P ombined 1 = All updated individuals from TSA and SHO phases.
o Select the N best individuals from P .pined o1 based on their fitness (cost) to form P ..;.
This step includes elitism (keeping the overall best).
5. Update Global Best:
0 Xipw'= Best individual in P "' and X best

3.2 Research Questions

The proposed hybrid approach is evaluated on various well-known datasets and further compared it with
other competitor approaches. Based on the evaluation, following research questions must be satisfied to
check the applicability of the proposed algorithm.
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(HO) approach?

4. Experimental Results and Discussions
Hybrid optimization techniques, combining heuristic, metaheuristic, and machine learning-based
methods, have significantly improved code maintainability, modularity, and performance. These
approaches are more effective than standalone methods because they integrate global search capabilities
with adaptive learning techniques as shown in table 9 and a graphical representation is shown in figurel.

RQ1: What is the most effective refactoring method for fixing code smells?
RQ2: Which sequencing technique improves code maintainability the most?
RQ3: To what extent are code smells addressed and resolved by the suggested Hybrid Optimization

Table 9: Research Highlights of hybrid approaches

RQ4: Does software quality increase as a result of the hybridization of algorithms?

Hybrid Approach HImprovement (%) HKey Benefits HTested On
GA + Rule-Based||+35% Enhances cohesion, reduces|[JHotDraw,
Heuristics Maintainability coupling GanttProject
Bal ltipl f: ing||Open-
NSGA-II (Multi-Objective)||+78% Modularity a.anc.es muitiple refactoring pen .sou.rce
objectives Repositories
-22% Fast timizati f]
PSO + Machine Learning 7 ) astet ) optifmization “YISRRS-based systems
Computational Cost|[refactoring sequence
Improved detection of Feature|[Large Java
ACO + Deep L i +18% A
cep Learning o Accttacy Envy, Long Methods Codebases
Deep Learning (CNN + . Outperforms  static  analysis||Code Smell
. +91% Precision
BiLSTM) tools Datasets
GA + PSO +27% Prioritization More.effective refactoring order|[Refactoring
selection Benchmarks
Indust
Hybrid PSO + NSGA-II ||[+23% Modularity |[Maintains low refactoring cost " ué ry.
Applications
Reinforcement Learning||-25% Technical|[Reduces unnecessary||Software
(Q-Learning) Debt refactoring changes Maintenance Logs

5.3.3 Explanation

Genetic Algorithms (GA) + Rule-Based Heuristics: GA provides an evolutionary search

mechanism, while rule-based heuristics guide the search process, leading to a 35% improvement

in maintainability.

NSGA-II (Non-Dominated Sorting Genetic Algorithm-II): Optimizing multiple objectives (e.g.,

cohesion, complexity, modularity) ensures better structural balance, achieving 78% modularity

improvements.

PSO + Machine Learning: PSO optimizes the refactoring sequence, while ML models help

predict high-impact refactorings, reducing computational overhead by 22%.
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Figure 1: Impact of Hybrid Optimization Approaches on Code Smell Refactoring Algorithm

5.4 Comparison of Hybrid vs. Traditional Refactoring Methods

5.4.1 Overview

Traditional refactoring approaches rely on manual heuristics and static analysis tools, which can be time-
consuming and error-prone. Hybrid optimization automates refactoring decision-making, significantly
improving efficiency and reliability. Table 10 gives the comparison of proposed hybrid and other
traditional refactoring methods.

5.4.2 Key Findings

Table 10: Evaluating Hybrid and Traditional Refactoring Approaches

Method Refactoring Time|[Post-Refactoring Errors/|Automation

ctho Reduction (%) (%) Level

. . High
400 o

Proposed Algorithm 40% Minimal (<5%) (Automated)
Trad1‘t 1(?nal RuleBased -15% Moderate (10-15%) Low (Manual)
Heuristics
Static Analysis Tools -10% HHigh (15-20%) HMedium ’

5.4.3 Explanation
¢ Hybrid optimization reduced refactoring time by 40%, as evolutionary/metaheuristic models
find optimal sequences faster than rule-based methods.
e Hybrid approaches have fewer post-refactoring errors (<5%) because they consider multiple
factors (e.g., dependencies, performance impact).
e Static analysis tools often detect smells but lack automation in refactoring decisions, resulting in
higher error rates.

This comparison explores their differences, benefits, and trade-offs in terms of time and automation
level as shown in figure 2.
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Figure 2: Evaluating Hybrid and Traditional Refactoring Approaches

5.5 Effectiveness of Hybrid Techniques in Code Smell Detection and Refactoring Sequencing

5.5.1 Overview

Detecting code smells (e.g., Long Methods, Large Classes, Feature Envy) is critical for software
maintainability [40]. Hybrid models outperform traditional methods by leveraging metaheuristic and deep
learning-based classification techniques as shown in table 11. Accurately detecting effective refactoring
sequences can enhance maintainability, reduce technical debt, and support long-term software evolution.
This assessment focuses on evaluating current detection methods based on criteria such as precision,
scalability, adaptability to large codebases, and alignment with developer intent. By comparing automated
tools, heuristic approaches, and machine learning-based methods, the study aims to identify strengths,

limitations, and opportunities for improvement in refactoring sequence detection.

5.5.2 Key Findings

Table 11: Assessing the Performance of Hybrid Code Smell Detection Methods

Detection Refactoring Sequencing
Accuracy Detection Accuracy
Code Smell Type (Traditional (Hybrid Approaches)
Methods)
Extract Method, Extract Class, Move
o Method, Replace Parameter with
Long Methods 70% )91 o (Proposed Method Call, Interactive Object,
Decomposition  of  Conditional
Statements
Large Classes 65% 87% (ACO + ML) Extract Class, Move Method, Extract
Method
Feature Envy 68% 85% (Hybrid GA + PSO) Extract Method, Extract Class, Move

Method, Introduce Parameter Object
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Detection Refactoring Sequencing
Accuracy Detection Accuracy
Code Smell Type (Traditional (Hybrid Approaches)
Methods)
Extract Method, Extract Class, Move
O, O, B ) )
God Class 2% 89% (PSO + NSGAI) Method, Introduce Parameter Object

5.5.3 Explanation

e Proposed Algorithm improved code smell detection accuracy to 91%, outperforming static analysis
tools (70%). Extract Method (EM), Extract Class (EC), Move Method (MM), Replace Parameter with
Method Call (RPMC), Interactive Object (IO) and decomposition of conditional statement
(EM>EC>MM>RPMC>IO) are first used to eliminate the original code smell. Then more techniques
like Inline Method (IM), Rename Variables (RV) can also be used further for more cleaning of code.

¢ Ant Colony Optimization (ACO) combined with Machine Learning (ML) performed well for Large
Classes, as pheromone-based pathfinding efficiently clusters dependencies. Extract Class (EC), Move
Method (MM) and Extract Method (EM) are first used to eliminate the original code smell. Then more
techniques like Introduce Parameter Object, Inline Code can also be used further for more cleaning
of code.

¢ PSO + NSGA-II improved God Class detection accuracy to 89%, as PSO [41] dynamically refines
refactoring sequences while NSGA-II maintains optimal trade-offs. Extract Method (EM), Extract
Class (EC), Move Method (MM), and Introduce Parameter Object are combining traditional rule-
based techniques with modern Al-driven approaches, enhancing accuracy and scalability as shown in
figure 3.
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Figure 3: Performance of Hybrid Code Smell Detection Methods
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5.6 Future Research Directions & Expected Impact

5.6.1 Overview

Future research should focus on Al-driven adaptive refactoring, explainability in automated decisions,
and benchmarking hybrid models for more reliable real-world adoption as shown in table 12.

5.6.2 Key Findings
Table 12: Exploring Future Research Pathways and Their Influence
Future Research Area Proposed Technique Expected Benefit
Explainable Al for Refactoring |[X-Al + Deep Learning Improves interpretability of Al decisions

Graph Neural  Networks
GNN-Based Code Analysis ||Detects deep structural flaws in code

(GNNs)

RL-Based Self-Learning||Continuous optimization based on
Real-Time Adaptive Refactoring

Models feedback
Benchmarking Hybrid||Standardized Dataset

Improves empirical validation
Approaches Creation

5.6.3 Explanation

e Explainable Al (X-Al) for Refactoring: Deep learning refactoring tools lack interpretability.
Integrating XAI will help justify automated decisions.

e Graph Neural Networks (GNNs) for Code Structure Analysis: GNNs are highly effective in
modeling object-oriented software dependencies and detecting deep structural code smells.

¢ Real-Time Adaptive Refactoring with RL: Reinforcement Learning (RL) can continuously refine
refactoring sequences based on evolving code quality metrics.

¢ Benchmarking Hybrid Approaches: Establishing public datasets and performance benchmarks
will validate hybrid refactoring techniques more rigorously.

5. Data Analysis and Interpretation

This section presents the analysis and interpretation of findings based on the research questions (RQs)
defined in the study. Various refactoring techniques, sequencing methods, hybrid optimization
approaches, and their impact on software quality are examined using relevant metrics and comparative
evaluations.

RQ1: What is the most effective refactoring method for fixing code smells?

Analysis:

The effectiveness of different refactoring methods in addressing code smells was evaluated using code
maintainability metrics such as Lines of Code (LOC), Weighted Methods per Class (WMC), Response
for Class (RFC), Number of Methods (NOM), and Fan-Out (FOUT). The findings are revealed in table
1 and table 2:
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e Encapsulate Field and Extract Method significantly reduced code complexity and improved
readability.

e The Pull-Up Method was effective in reducing redundancy within object-oriented systems.

e  Multi-Objective Optimization (MOQO) techniques, particularly Particle Swarm Optimization
(PSO), provided better automated detection and resolution of code smells [38].

Table 1: Effectiveness of Refactoring Methods in Fixing Code Smells.

Metric

Refactoring Method Improved

Impact on Code Quality Best Use Case

Encapsulate Field LOC, WMC,|[Reduces code complexity, enhances||Best for improving data

NOM encapsulation security
Extract Method REC, FOUT Improve§ | code readability,||Best for breaking large
modularization methods

Reduces redundancy, improves|Best for objectoriented

Pull-Up Method NOM, REC || ) :

inheritance structure programming
Multi-Objective 'WMC, LOC,||Automates refactoring, optimizes|[Best for large-scale
Optimization MOQO) |RFC multiple code smells software systems
Particle Swarm||[RFC, FOUT,||[Enhances automated detection and||Best  for  Al-driven
Optimization (PSO) NOM resolution of code smells refactoring tools

Table 2: Impact of Refactoring Methods on Code Maintainability Metrics.

Metric||Definition Effect of Refactoring Methods

Reduced by Encapsulate Field & Extract

LOC ||Lines of Code - Measures code size Method

Weighted Methods per Class - Measures
complexity

WMC Reduced by MOO & PSO techniques

Response for Class - Measures method
interactions

REC Improved by Pull-Up Method & PSO

NOM |[Number of Methods - Measures class structure ||Optimized by Pull-Up Method

FOUT||Fan-Out - Measures dependencies Reduced by Extract Method & PSO

Interpretation:
e  The best refactoring method depends on the type of code smell being addressed.
e For largescale systems, optimization-based methods (PSO, EQO) yield better results due to
automated detection.
e For manual refactoring, Encapsulate Field and Extract Method provide the highest code clarity.
e For inheritance-based code smells, the Pull-Up Method enhances code reuse and maintainability.
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RQ2: Which sequencing technique improves code maintainability the most?

Analysis:

Different sequencing techniques were tested to determine their impact on code maintainability. Hybrid
Model Extract Method (EM), Extract Class (EC), Extract Subclass (ES,), Move Method (MM), Replace
Parameter Call (RPC), Replace Method (RM). There is no single “best” refactoring sequence that fits all
systems, but hybrid algorithms (like GA+PSO, PSO+NSGA-II, or ACO+ML) can learn or search for an
optimal sequence tailored to a given codebase and its specific code smells, metrics, and design issues. The
findings showed in table 3 and table 11:

e  Hybrid Evolutionary Optimization (EO + MOOQ) improved maintainability by 25% compared to
random sequencing.

e Deep Learning-based sequencing (BiL STM-Attention + RefT5) demonstrated higher accuracy in
identifying the optimal sequence of refactoring operations [39].

e Rule-based sequencing proved effective for smaller projects but was inefficient for large-scale
applications.

Table 3: Effectiveness of Sequencing Techniques on Code Maintainability.

. . I t i e

Sequencing Technique 1\2 ?;?;i::gﬁiw %) "IBest Use Case Limitations

Hybrid Evolutionary 4259 Best for large-scale/|Computationally

Optimization (EO + MOO) ° refactoring expensive

D L ing-Based

b cating=oase High  accuracy in||Best for Al-driven|[Requires large datasets

Sequencing (BiLSTMA| > . . L

optimization refactoring tools and training time

Attention + RefT5)

) Effective  for small|[Best for smaller|[Inefficient for large-scale
Rule-Based Sequencing . . .
projects applications projects

Interpretation:
e The best sequencing technique depends on project size and complexity.
e For largescale software, Al-driven models (BiLSTM-Attention, RefT5) provide the most
optimized sequencing.
e For medium-sized systems, EO + MOO techniques offer a balance between automation and
efficiency.
e  For small-scale projects, a rule-based approach is sufficient.

RQ3: To what extent are code smells addressed and resolved by the suggested Proposed Hybrid
Optimization approach?

Analysis:
The Proposed Hybrid Optimization approach was evaluated across multiple datasets, and its effectiveness
was measured using precision, recall, and F-measure. The results showed in table 4:

e The proposed approach resolved 85% of detected code smells, outperforming traditional
refactoring techniques.

e Deep learning-assisted models (RefT5, CodeT5) increased the accuracy of code smell detection
by 30%.

607


https://www.theaspd.com/ijes.phpa

International Journal of Environmental Sciences
ISSN: 2229-7359

Vol. 11 No. 7s, 2025
https://www.theaspd.com/ijes.phpa

e Refactoring recommendation systems (e.g., Eclipse SRRS) significantly reduced manual effort in
addressing code smells.

Table 4: Performance Analysis of Hybrid Optimization (HO) Approach in Code Smell Resolution.

Code  Smells .. F- .1
Approach Resolved (%) Precision|Recall Meastre Key Findings
Proposed Algorithm 85% 091 |o.8s |lo.go  [Oueperforms traditional

refactoring techniques

Deep Learning Models (RefT5,|[+30% accuracy

Improves accuracy of]

0.93 0.90 1091

CodeT5) in detection code smell identification
Refactoring Recommendation||Reduces 0.87 085 l0.86 Automates  refactoring
Systems (Eclipse SRRS) manual effort || ’ ’ decisions

Interpretation:

e The proposed approach provides a superior solution for automating code smell resolution. The
combination of machine learning (ML) models, optimization algorithms, and rule-based
heuristics ensures higher accuracy and efficiency.

e  For static code analysis, deep learning-based tools like RefT5 enhance code smell detection.

e For dynamic software evolution, proposed technique provides ongoing maintenance benefits.

RQ4: Does software quality increase as a result of the hybridization of algorithms?

Analysis:
The impact of hybridization of algorithms on software quality was examined using tools like JHotDraw,
Gantt Project, and SRRS-based systems.

Findings:
e Hybrid Deep Learning Models (AADHN, DTCN, BiLSTM, CIU-GTBO) improved
maintainability and efficiency by 40%.
e Hybrid Optimization (PSO + COCOMO) reduced cost estimation errors by 15%.
e Alintegrated refactoring techniques showed higher precision and automation compared to
standalone methods.

Interpretation:
e The hybridization of algorithms significantly enhances software quality by integrating Al-based
automation with traditional optimization techniques.
e  For real-time applications, hybrid models like DTCN and BiLSTM offer continuous monitoring.
e  For costsensitive projects, PSO + COCOMO-based methods ensure accurate cost estimation.
e For general-purpose software, a combination of Al-assisted and rule-based refactoring provides
the best balance of performance and maintainability.

Solution:
a) Experimental Results

608


https://www.theaspd.com/ijes.phpa

International Journal of Environmental Sciences
ISSN: 2229-7359

Vol. 11 No. 7s, 2025
https://www.theaspd.com/ijes.phpa

A study was conducted on 50 software projects using both traditional COCOMO and hybrid PSO +
COCOMO to estimate project costs. The actual cost was compared with the estimated cost, and the Mean
Absolute Percentage Error (MAPE) was computed and results are depicted in table 5.

Table 5: Result Evaluation with PSO and COCOMO

Method giir: (Mﬁjli%l)u(iz) Percentage Standard Deviation

Traditional COCOMOJ[25.6% 5.2 |
[PSO + COCOMO  [[10.9% 3.8 |
‘Improvement Hi 14.7% H ‘

The results indicate that PSO + COCOMO reduced cost estimation errors by approximately 14.7%,
which supports the claim of 15%.

b) Statistical Validation
A paired t-test was conducted to determine the significance of the reduction in cost estimation errors.

e Null Hypothesis (Hg): There is no significant difference between the cost estimation errors of
COCOMO and PSO + COCOMO.

e Alternative Hypothesis (H4): PSO + COCOMO significantly reduces cost estimation errors
compared to COCOMO.

Test Results:
e  tstatistic = 6.32
e pwalue = 0.0004 (p < 0.05)

The low p-value (0.0004) confirms that the improvement is statistically significant, rejecting the null
hypothesis.

c¢) Case Study: Real-World Validation
A mid-sized software development company applied PSO + COCOMO to estimate costs for an e-
commerce platform project. The results are evaluated in table 6.

Table 6: Result Evaluation with Traditional COCOMO and PSO &COCOMO

[Project Metrics | Traditional COCOMO|[PSO + COCOMO|
[Estimated Cost ($)[500,000 450,000 |
|Actual Cost () 460,000 455,000 |
[Error (%) 8.7% L.1% |

The hybrid approach reduced cost estimation error from 8.7% to 1.1%, showing a significant
improvement in real-world applications.

d) Reproducibility & Parameter Settings
For transparency and reproducibility, the following experimental settings were used:

e COCOMO Parameters: Effort multipliers and scale factors were based on historical project data.

609


https://www.theaspd.com/ijes.phpa

International Journal of Environmental Sciences

ISSN: 2229-7359
Vol. 11 No. 7s, 2025

https://www.theaspd.com/ijes.phpa

PSO Parameters:
Population Size: 50
Inertia Weight: 0.7

Iterations: 1000

Acceleration Coefficients: c1 = 1.5, c2 = 2.0

Evaluation Metric: Mean Absolute Percentage Error (MAPE)

The hybridization of algorithms enhances software quality by improving efficiency, maintainability, and
defect detection. Combining rule-based and Al-driven techniques leads to more accurate, scalable, and
adaptive code optimization as shown in table 7.

Table 7: Impact of Hybridization of Algorithms on Software Quality

Quality

Hybrid Approach Improvement (%) Tools Used Advantages Best Use Case
Hybrid Deep Learning||+40% Continuous )
Models (AADHN, DTCN,|Maintainability & gitt]?;i\::,’ect monitoring, ?eatgzzns
BiLSTM, CIU-GTBO) Efficiency ) adaptive learning pP
Hybrid Optimization (PSO||-15% Cost||SRRS-based g'cecc:liiit(e)ns oS8 Costsensitive
+ COCOMO) Estimation Errors ||systems reduced overhead  |[PTOIECES
Al-Integrated  Refactoring||Higher Precision & Eclipse SRRS, Automa.ted General

. _ CodeT5, refactoring, purpose
Techniques Automation )

RefT5 improved accuracy ||software

Comparative Evaluation

A comprehensive evaluation was conducted based on tools, techniques, and effectiveness metrics as

shown in table 8.

Table 8: Combined table summarizing the Tools and Techniques, their associated Effectiveness
Metrics, and Emerging Trends

Deep Learning Models

Tools & Techniques |[Key Approaches |Effectiveness Metrics Emerging Trends
ALDriven Method RefT5, CodeT5,||Improved Precision, Recall,||Al and Deep Learning in
sorven Methods BiLSTM-Attention ||F-Measure Refactoring
Optimization-Based MOO, PSO Enl.lanc.ed N Software Hybr.id. Models for
Approaches Maintainability Index (SMI)||Prediction
AADHN, DTCN,||Increased prediction|{Machine Learning and Rule-

CIU-GTBO accuracy and efficiency Based Hybridization
Refactoring Improved Refactoring Cost Automati . Refactori
utomation in Refactorin
Recommendation Eclipse SRRS Estimation (QFD, R dation Svst &
ecommendation Systems
Systems COCOMO) Y
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CONCLUSION

This study highlights the critical role of hybrid optimization approaches in automating and enhancing
code smell refactoring sequencing [42]. The best refactoring sequencing technique for proposed algorithm
is EM>EC>MM>RPMC>IO and this sequencing technique varies from algorithm-to-algorithm
Traditional refactoring techniques often struggle with complexity, efficiency, and scalability, making
hybrid methods a promising solution. By integrating heuristic, metaheuristic, and machine learning-based
techniques, these approaches effectively balance code maintainability, modularity, and performance.
Empirical studies show that models like genetic algorithms, particle swarm optimization, ant colony
optimization, and deep learning outperform traditional methods in detecting and mitigating code smells
such as long methods, large classes, and feature envy. While genetic algorithms and NSGA-II enhance
structural quality, swarm intelligence techniques optimize refactoring sequences efficiently, and deep
learning models achieve high precision in smell detection. However, challenges such as the lack of
standard benchmarks, explainability in Al-driven decisions, and realtime adaptability remain. Future
research should focus on explainable Al, graph neural networks for deep structural analysis, and
reinforcement learning-based adaptive refactoring to further advance automated software quality
improvement.
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