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1. [bookmark: _Toc201510740][bookmark: _Toc201511054][bookmark: _Toc201511533]Introduction
Modern software engineering relies on high software quality and maintainability to ensure that applications remain scalable, efficient, and adaptable as requirements evolve [2]. Over time, software systems often grow in complexity, which can make maintenance more challenging and increase the risk of defects. To address this, refactoring plays a critical role in mitigating the decline of code quality. Refactoring can occur at different levels of granularity—from high-level architectural changes to low-level transformations such as renaming variables or extracting methods. This project focuses on low-level refactorings, which are both frequent and automatable, making them ideal candidates for machine learning–based prediction and validation [1–5].
2. [bookmark: _Toc201510741][bookmark: _Toc201511055][bookmark: _Toc201511534]Background, Literature Review and Motivation
[bookmark: _Toc201510742][bookmark: _Toc201511056][bookmark: _Toc201511535]2.1 Refactoring
Refactoring is the disciplined process of improving the internal structure of source code without altering its external behaviour, as defined by Fowler [4]. While its primary objective is to enhance code maintainability and comprehensibility, refactoring also plays a vital role in improving software reusability, extensibility, and testability [3]. Numerous empirical studies [1–9] have shown that systematic refactoring enhances software quality, readability, and long-term maintainability—all of which are essential for sustainable software evolution.
In the context of software maintenance, refactoring is crucial because software systems must continually adapt to changing requirements, fix defects, and improve performance. Maintenance activities often account for the majority of a software system's total lifecycle cost, and poor code quality can significantly increase the effort and risk involved in these tasks. By improving the internal structure of the codebase, refactoring reduces complexity and technical debt, which in turn lowers maintenance costs and makes future enhancements easier and safer to implement [3, 9].
As software systems undergo continuous feature additions and architectural changes, maintaining high code quality becomes increasingly challenging. In such a dynamic environment, refactoring provides a structured and repeatable approach to improving code clarity, modularity, and resilience to change [3].
A common indicator of degraded code quality is the presence of code smells—surface symptoms in source code that suggest deeper design issues. These range from concerns such as duplicated code and overly long methods to more fundamental problems like low cohesion, high coupling, or inappropriate class responsibilities [5]. According to Beck and Fowler, identifying code smells is often the first step in recognising where refactoring is required. For example, large or complex methods can be simplified using techniques such as Extract Method or Decompose Conditional, thereby improving both readability and modularity [5, 8, 9].
More broadly, code smells often reflect violations of object-oriented design principles and are closely associated with the accumulation of technical debt—the long-term cost of design compromises made during development. Refactoring serves as a key mechanism for managing and reducing technical debt, enabling developers to improve internal code quality without affecting the system’s external behaviour [3, 9].
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Table 1 – List of code smells presented by Fowler et al (1999) [1]. 

[bookmark: _Toc201510743][bookmark: _Toc201511057][bookmark: _Toc201511536]2.2 Software Metrics as Refactoring Indicators
While code smells offer qualitative cues of poor design, software metrics provide quantitative insights that help developers make more informed decisions about when and where to refactor. These metrics capture key structural attributes of code—such as complexity, cohesion, coupling, and size—and enable the systematic identification of potential design flaws. When metric values deviate from accepted thresholds or established best practices, they serve as refactoring indicators, highlighting areas where code quality may be improved.
Some of the most commonly used metrics include:
· Cyclomatic Complexity (CC):
Measures the number of independent control paths in a method and serves as a proxy for testability and cognitive complexity [13]. Methods with high CC values are often strong candidates for refactoring techniques such as Extract Method, Decompose Conditional, or Replace Nested Conditional with Guard Clauses, all of which aim to simplify control flow and reduce mental load [15].
· Lack of Cohesion in Methods (LCOM):
Introduced by Chidamber and Kemerer [14], LCOM quantifies how closely related the methods in a class are, based on their shared use of instance variables. A high LCOM score indicates low cohesion, which is commonly linked to the "God Class" smell. Refactorings such as Extract Class or Move Method can help improve modularity and enforce the Single Responsibility Principle [15].
· Lines of Code (LOC) and Number of Methods:
These are simple yet powerful indicators of code size and structural complexity. Excessively long classes or methods often correlate with poor readability and reduced maintainability. High LOC values may point to "Long Method" or "God Class" smells, and typically prompt decomposition or simplification [24].
· Coupling Between Objects (CBO):
High coupling reflects strong interdependence between classes, which reduces modularity and hinders reuse. Classes with high CBO values are often difficult to test and modify. Refactorings that reduce coupling—such as Extract Interface or Introduce Parameter Object—can improve both system flexibility and testability [25].
· Depth of Inheritance Tree (DIT) and Number of Children (NOC):
These metrics assess the complexity of the inheritance hierarchy. While deeper trees can promote reuse, they also increase the difficulty of comprehension and modification. Extremely high or low DIT and NOC values may signal violations of object-oriented design principles and warrant a review of class hierarchies [24].
[bookmark: _Toc201510744]

















[bookmark: _Toc201511058][bookmark: _Toc201511537]2.3 Traditional Refactoring Process
Translating refactoring principles into practice typically involves a manual, multi-step process comprising the following stages [10]:
1. Understanding the Code and Identifying Refactoring Opportunities:
The process begins with a thorough understanding of the existing codebase to identify areas in need of improvement. This step is often guided by the detection of code smells—surface indicators of deeper design issues. Fowler et al. identified 22 common code smells in their foundational work [11].
2. Selecting Appropriate Refactoring Techniques:
Once problematic areas are identified, developers select suitable refactoring techniques. These range from minor adjustments at the variable level to more substantial structural changes at the class or module level (see Table 2). Martin Fowler’s catalogue of refactoring techniques remains a key reference [4].
3. Applying the Refactoring:
Developers implement the selected changes carefully, aiming to keep modifications focused and manageable to minimise disruption.
4. Assessing the Impact of Refactoring:
After changes are made, developers must ensure that the system’s external behaviour remains unchanged. This is typically achieved by executing existing unit tests to verify functional equivalence.
5. Ensuring Consistency and Following Best Practices:
Refactored code should uphold recognised design principles such as Don’t Repeat Yourself (DRY), Keep It Simple, Stupid (KISS), and the Single Responsibility Principle (SRP), ensuring overall maintainability and quality.
While refactoring is widely recognised as a means of improving code quality, its adoption is often hindered by practical challenges. Effective refactoring requires a deep understanding of the codebase to avoid introducing bugs or degrading performance. Common obstacles include limited development time due to competing priorities, the complexity of legacy code, lack of managerial support, inadequate tooling, and, at times, a shortage of experienced developers [7]. Moreover, the manual nature of refactoring increases the risk of inadvertently introducing errors [10].
The concept of automated refactoring began to emerge in the late 1990s and early 2000s with the advent of integrated development environments (IDEs). Tools such as Eclipse and IntelliJ IDEA introduced features like Rename, Extract Method, and Move Method, which assist developers by suggesting safe structural changes. However, these tools still require user confirmation and rely primarily on static code analysis and heuristic rules to identify refactoring opportunities [10, 11, 16].
From the mid-2000s onwards, fully automated refactoring systems began appearing in research contexts. Like early IDE tools, these systems also rely on static analysis and heuristics but aim to detect and apply refactorings automatically—without developer intervention. Many such systems incorporate program transformation frameworks that ensure behavioural preservation. Nevertheless, the widespread use of fully automated refactoring in real-world software development remains limited, due largely to concerns around correctness, reliability, and developer trust [10, 16].
[bookmark: _Toc201510745][bookmark: _Toc201511059][bookmark: _Toc201511538]2.4 Machine Learning Paradigms
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Figure 1: Process of Machine Learning [23].
Machine learning (ML) is a subfield of artificial intelligence focused on enabling systems to learn patterns from data and make informed decisions or predictions without being explicitly programmed. The origins of ML trace back to Arthur Samuel’s pioneering work in 1959 and were more formally defined by Mitchell (1997), who stated that “a computer program is said to learn from experience EEE with respect to some class of tasks TTT and performance measure PPP, if its performance at tasks in TTT, as measured by PPP, improves with experience EEE” [18, 19]. The ML process begins with collecting and preparing data, which is then used to train a model. The model learns to recognise patterns and relationships within this data and, once trained, can make predictions on new, unseen inputs (fig. 1). Model accuracy typically improves over multiple training iterations, enhancing performance over time [23].
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Figure 2: Machine Learning Types [23].
ML methods are broadly categorised into four main paradigms: supervised learning, unsupervised learning, semi-supervised and reinforcement learning. Although all three have applications within software engineering, supervised learning is the most pertinent to automated code refactoring and is therefore the primary focus of this project [1, 23].
In supervised learning, models are trained on labelled datasets that map input features to known outputs, such as specific refactoring types. The model learns to generalise from these examples and can subsequently predict appropriate refactoring strategies for previously unseen code segments. This makes supervised learning particularly suitable for tasks such as identifying where refactoring is needed and recommending the most appropriate technique. The effectiveness of supervised learning is further enhanced by the availability of open-source datasets annotated with refactoring labels.
In contrast, unsupervised learning involves discovering patterns in unlabelled data and is commonly applied to clustering or anomaly detection tasks. Reinforcement learning trains an agent to make sequential decisions based on reward feedback. While these paradigms offer intriguing possibilities—such as using reinforcement learning to explore alternative refactoring sequences guided by code quality metrics—they fall outside the scope of this study [1, 23].
Within supervised learning, classification is a key method whereby a model predicts a class label for a given input. This process involves using labelled data to learn relationships between input features and corresponding categories. Classification types include [1]:
· Binary classification, which involves two class labels, such as yes/no or true/false.
· Multiclass classification, which includes more than two possible class labels.
· Multi-label classification, where each example can be associated with multiple labels simultaneously.
Several algorithms are commonly employed for classification tasks, including Support Vector Machines (SVM), Decision Trees (DT), and Random Forests (RF).
Support Vector Machines (SVM) operate by finding a boundary—known as a hyperplane—that best separates different groups of data within a high-dimensional space. SVM attempts to maximise the margin, or distance, between the closest data points of each class and the hyperplane, with a wider margin generally leading to better generalisation on unseen data. For more complex datasets, kernel functions (such as linear or polynomial kernels) transform data to enhance separability. However, SVM may struggle with noisy data or when classes overlap significantly [23, 26].
A Decision Tree (DT) is a non-parametric supervised learning method that recursively partitions the dataset based on input feature values, forming a tree-like structure. Starting from the root node, internal decision nodes evaluate attributes until a leaf node assigns the predicted class or value. Prominent algorithms include ID3, C4.5, and CART, which differ in attribute selection and tree pruning techniques. Splitting criteria such as Gini impurity or entropy assess the quality of splits by measuring class separation. Decision trees are valued for their interpretability and ability to handle both numerical and categorical data, although they can be prone to overfitting without proper regularisation [1, 23].
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Figure 3: Random Forest structure considering multiple decision trees [23]. 
Random Forest (RF) utilises an ensemble approach by training multiple decision trees in parallel on different subsets of the training data. Final predictions are made through majority voting (for classification) or averaging (for regression), which improves accuracy and reduces overfitting risk. RF achieves robustness via two key strategies: bootstrap aggregation (bagging), which generates diverse training datasets through random sampling with replacement, and random feature selection, which promotes tree diversity. This combination yields a collection of varied yet accurate trees, resulting in more reliable predictions compared to single decision tree models [1, 23].











[bookmark: _Toc201510746][bookmark: _Toc201511060][bookmark: _Toc201511539]2.5 Recent Advances in Machine Learning for Refactoring
Recent years have seen significant advances in applying machine learning (ML) techniques to software refactoring and code quality improvement. Aniche et al. (2020) investigated the use of supervised ML methods to predict whether a method within a software system requires refactoring, utilising static code metrics such as lines of code, cyclomatic complexity, and coupling. Their classifiers, including Random Forests and Support Vector Machines (SVM), were evaluated on open-source Java projects using standard classification metrics such as precision, recall, and F1-score, providing a foundational baseline for ML-based refactoring prediction [1]. However, the study did not assess whether the suggested refactorings preserved programme behaviour or improved maintainability, highlighting an evaluation gap that this project aims to address.
Building on this foundation, Sharma et al. (2022) proposed a machine learning framework combining code smell detection with refactoring recommendations. Their classifiers—Random Forests, SVM, and K-Nearest Neighbours (KNN)—were trained on static code and design metrics, and their approach was evaluated for accuracy in identifying problematic code and aligning with developer decisions [2]. While advancing practical support for refactoring decisions, the evaluation did not extend to validating the correctness or quality improvements of the recommended refactorings when applied to real codebases [28].
Cui et al. (2022) introduced RMove, a technique focusing on Move Method refactorings by integrating structural and semantic representations of code. Using a Random Forest classifier trained on Java projects, RMove’s performance was assessed primarily through classification accuracy and relevance of refactoring recommendations [3]. Although this represents an advance in incorporating richer code representations, the study lacked detailed evaluation of the impact on software maintainability or behavioural preservation [27].
More recently, Liu et al. (2024) leveraged Large Language Models (LLMs) such as ChatGPT (GPT-4) and Google Gemini to automate refactoring detection and code transformation. Their evaluation was twofold: first, measuring the detection accuracy of refactoring opportunities, where ChatGPT’s baseline accuracy was 15.6%, increasing to 86.7% when provided with explicit prompt labels specifying the refactoring type (e.g., Extract Method, Rename Variable). Second, they assessed the quality of the generated refactorings by comparing them with human developer solutions, finding that 63.6% of ChatGPT’s suggestions matched or surpassed human performance. Crucially, to ensure correctness, they developed RefactoringMirror, a hybrid system that re-applies LLM-proposed changes using IDE refactoring tools such as Eclipse and IntelliJ, achieving a high reapplication success rate of 94.3%. This combination of prediction accuracy and practical validation exemplifies a more comprehensive evaluation approach [8,29].
Yu et al. (2024) proposed MovePerf, a deep learning framework predicting both the likelihood and runtime and memory performance impacts of Move Method refactorings. Their evaluation incorporated performance metrics alongside traditional accuracy measures, reflecting an emerging trend towards multi-dimensional assessment of refactoring quality. Nevertheless, the interpretability of their model remains limited, a challenge highlighted by ongoing research [7, 30].
Yadav et al. (2024) provided a comprehensive survey of 42 studies on machine learning approaches for code smell detection. They identified persistent evaluation challenges, including the scarcity and imbalance of labelled datasets, subjective and inconsistent definitions of code smells, and difficulties in generalising models across projects and programming languages. Moreover, the lack of standardised benchmarks and metrics complicates cross-study comparison and replication. These findings underscore the need for robust, transparent evaluation methodologies—motivating this project’s emphasis on ensuring that ML-based refactorings preserve behaviour and improve maintainability in real-world settings [5].
Together, these studies demonstrate the growing interest in applying machine learning to software refactoring, with notable progress in detecting refactoring opportunities and recommending code transformations. However, persistent challenges remain. Most approaches evaluate prediction accuracy but fall short of validating whether the proposed refactorings preserve program behaviour or genuinely improve maintainability. In addition, the heavy reliance on static code metrics limits the models’ capacity to capture deeper code semantics and context, constraining both accuracy and generalisability.
While recent advances with Large Language Models (LLMs) offer new capabilities, concerns about transparency, training data contamination, and safe deployment remain unresolved. Broader issues—such as the scarcity and imbalance of labelled datasets, the subjectivity in defining code smells, and the lack of standardised benchmarks—further hinder robust evaluation and cross-study comparison.
These gaps highlight the need for comprehensive, rigorous evaluation frameworks that verify not only the identification of refactoring opportunities but also the functional correctness and real-world maintainability benefits of ML-driven refactoring techniques.
[bookmark: _Toc201510747][bookmark: _Toc201511061]
[bookmark: _Toc201511540]2.6 Motivation
Despite notable progress in machine learning–based refactoring, several critical challenges remain unresolved. Prior work by Aniche et al. (2020), Sharma et al. (2022), and Cui et al. (2022) has developed supervised classifiers to detect refactoring opportunities based on static code metrics. However, these approaches focus primarily on prediction accuracy and often fail to verify whether the proposed refactorings preserve program behaviour or improve software maintainability in practice. This absence of rigorous validation introduces substantial risk when deploying such tools in real-world development environments.
More recent studies using Large Language Models (LLMs), such as Liu et al. (2024), demonstrate enhanced capabilities in both detection and transformation tasks. Nonetheless, their black-box nature, limited interpretability, and high sensitivity to prompt variations raise concerns about their reliability—particularly in safety-critical domains where behavioural correctness and maintainability are essential.
This project addresses these limitations by proposing a supervised machine learning approach that prioritises transparency, controllability, and behavioural validation. A central component of this work involves the use of test suites to confirm that suggested refactorings preserve functional correctness, thereby increasing trustworthiness and practical applicability.
This study focuses on Java, as much of the prior work on automated refactoring—both traditional and machine learning–based—has been conducted in the Java ecosystem. Java’s static typing, widespread use in open-source projects, and availability of mature tooling (e.g., RefactoringMiner, EvoSuite) make it particularly suitable for analysing and validating refactoring transformations at scale [1, 31].
By explicitly modelling refactoring decisions and rigorously evaluating their impact on software behaviour and maintainability, this project aims to bridge the gap between theoretical ML-driven refactoring research and the practical needs of software maintenance. In doing so, it responds to the growing demand for trustworthy automated refactoring tools that can be confidently integrated into real-world development workflows.
3. [bookmark: _Toc201511541]Aim and Objectives 

[bookmark: _Toc201510748][bookmark: _Toc201511062][bookmark: _Toc201511542]3.1 Aim
To develop and evaluate a supervised machine learning–based approach for predicting the type of refactoring in Java projects, with a primary focus on ensuring that applied refactorings preserve functional correctness, as verified by automated test suites.

[bookmark: _Toc201510749][bookmark: _Toc201511063][bookmark: _Toc201511543]3.2 Objectives
1. To collect and label at least 1,000 real-world refactoring instances (e.g., Extract Method, Move Method) from Java-based open-source software repositories using RefactoringMiner, creating a high-quality training dataset.
2. To extract and engineer a set of interpretable code features (e.g., method length, cyclomatic complexity, number of parameters) from both refactored and non-refactored code segments within the dataset, enabling effective input representation for supervised learning.
3. To design, train, and evaluate a supervised classification model that predicts refactoring types, using standard metrics including accuracy, precision, recall, and F1-score, with cross-validation to assess generalisability.
4. To apply the predicted refactorings automatically to unseen target code and validate behavioural correctness by running existing test suites or EvoSuite-generated tests, ensuring no regressions occur.
5. (Optional, time permitting) To compare the model’s refactoring predictions with those generated by large language models (e.g., GitHub Copilot, GPT-4), analysing differences in correctness, transparency, and maintainability through case studies and qualitative assessmen



4. [bookmark: _Toc201510750][bookmark: _Toc201511064][bookmark: _Toc201511544]Methodology
To address the stated aim, this project follows a structured pipeline that aligns directly with the proposed objectives. The methodology is grounded in prior research and employs widely used tools and techniques within the software engineering community.
[bookmark: _Toc201510751][bookmark: _Toc201511065][bookmark: _Toc201511545]4.1 Data Collection and Labelling
Refactoring instances will be mined from open-source Java repositories using RefactoringMiner, a state-of-the-art tool for identifying refactoring operations from version histories [1]. Focus will be placed on a manageable set of refactoring types—e.g., Extract Method, Move Method, and Rename Variable—selected for their prevalence and relevance across different levels of programme structure (method, class, and variable level) [2–4]. The study will aim to include at least one representative refactoring type from each level, subject to data availability and the characteristics of the selected projects. Publicly available Java projects hosted on GitHub will serve as the source corpus. Projects will be selected to ensure they include existing test suites and contain meaningful commit histories. Specific repositories will be identified and finalised during the initial data collection phase, based on these criteria.
The collected dataset will comprise several hundred to a few thousand refactoring instances. The precise number of instances will depend on the availability of suitable projects, the chosen refactoring types, and practical considerations such as time constraints. Previous studies have utilised datasets ranging from 573 to over 2 million refactoring instances for classification tasks [23][33]. Given the limited timeframe of this project, the dataset size will balance feasibility with the necessity of providing sufficient data to train and evaluate the machine learning model effectively.
Data collection and labelling will also consider the diversity of projects to ensure generalisability. The dataset will be split into training, validation, and testing subsets to facilitate effective model development and evaluation. Specifically, 70% of the data will be reserved for training the machine learning model, 15% for validation to fine-tune model parameters and prevent overfitting, and the remaining 15% for testing to assess final prediction performance [32]. Depending on dataset size and characteristics, an alternative 80/20 train-test split may be employed if a separate validation set is not feasible.
[bookmark: _Toc201510752][bookmark: _Toc201511066][bookmark: _Toc201511546]4.2 Feature Extraction
For each candidate refactoring instance and its surrounding context, a set of static code features will be extracted. These include structural and syntactic properties (e.g., method length, parameter count, class cohesion) and software metrics (e.g., cyclomatic complexity, fan-in/out) [1, 23, 33]. The goal is to construct interpretable, engineered features that can effectively inform the classification of refactoring types.
[bookmark: _Toc201510753][bookmark: _Toc201511067][bookmark: _Toc201511547]4.3 Model Training and Evaluation
A Random Forest classifier will be trained to predict the type of refactoring applied based on the extracted features. Random Forest is selected for its robustness, ability to handle mixed and high-dimensional feature spaces, and its interpretability—particularly its capacity to rank feature importance, which aligns with the project’s transparency goals [1, 33]. Alternative classifiers such as Support Vector Machines (SVMs) were considered; however, Random Forest offers practical advantages, including superior handling of noisy features and easier interpretability, both critical to producing reliable predictions for software maintenance [1].
As a baseline for comparison, a majority class classifier will be used. This simple model always predicts the most frequent refactoring type found in the training data, providing a minimal benchmark that the Random Forest model is expected to outperform [8, 33].
The classifiers will be trained and validated using standard evaluation metrics including accuracy, precision, recall, and F1-score.
[bookmark: _Toc201510754][bookmark: _Toc201511068][bookmark: _Toc201511548]4.4 Behavioural Validation of Refactorings
To verify that the predicted refactorings do not compromise functional correctness, they will be applied automatically (or semi-automatically) to target Java code. Correctness will be validated using test suites:
· If the project already includes a reliable test suite, it will be reused.
· Otherwise, unit tests will be automatically generated using EvoSuite, a widely used test generation tool for Java that produces high-coverage test suites based on the structure of the code under test [31].
A refactoring will be considered functionally valid if all tests pass after the transformation. The proportion of tests passing before and after refactoring will serve as a key indicator of functional correctness. Additionally, static analysis metrics will be employed to evaluate improvements in code quality, based on established software maintainability criteria.
[bookmark: _Toc201510755][bookmark: _Toc201511069][bookmark: _Toc201511549]4.5 Optional Comparison to Large Language Models (LLMs)
If time permits, the project will evaluate whether modern LLMs (e.g., GitHub Copilot or GPT-4) can recommend equivalent or superior refactorings for the same examples. While not the primary focus, this comparison will provide valuable insight into the trade-offs between traditional machine learning and LLM-driven approaches, particularly regarding transparency, correctness, and maintainability. The evaluation criteria for LLM recommendations will include functional correctness, as verified by test suites, and improvements in maintainability metrics


5. [bookmark: _Toc201510756][bookmark: _Toc201511070][bookmark: _Toc201511550]Expected Outcomes and Deliverables
At the conclusion of the project, the following outputs are expected:
1. A supervised machine learning model trained to classify refactoring types based on interpretable static code features. This will include:
· The final trained model (e.g., Random Forest)
· Feature extraction scripts
· Model training and evaluation notebooks/scripts
2. A labelled dataset of refactoring instances mined from open-source Java projects using RefactoringMiner. The dataset will include:
· Refactoring type
· Associated code context and extracted features
· Split into training/validation/test subsets
3. Behavioural validation pipeline, including:
· Scripts to apply selected refactorings
· Automated test validation using existing or EvoSuite-generated test suites
· Reports verifying functional correctness post-refactoring
4. Quantitative evaluation of the model’s performance using standard classification metrics (accuracy, precision, recall, F1-score), and where relevant, summary tables comparing maintainability metrics (e.g., cyclomatic complexity, code length) before and after refactoring.
5. Qualitative comparison with Large Language Models (if time allows), consisting of:
· Sample prompts and corresponding outputs from models like GPT-4 or GitHub Copilot
· Commentary on behavioural correctness, maintainability, and transparency
· Comparative analysis against the supervised approach
6. Final dissertation/report, documenting:
· Background research
· Methodology
· Experimental design and evaluation
· Discussion of results and limitations
· Conclusions and future work
7. Supporting artefacts, such as:
· Source code (hosted on GitHub or equivalent)
· Documentation for reproduction
· Setup scripts or Jupyter notebooks for model use and testing
[bookmark: _Toc201510757]
6. [bookmark: _Toc201511071][bookmark: _Toc201511551]Technical Requirements
To carry out this project, the following resources will be required:
· Hardware:
· A standard development machine with at least 8–16 GB of RAM and modern multi-core CPU
· No GPU is required unless LLM experiments involve fine-tuning, which is not planned
· Software and Tools:
· Java Development Kit (JDK) (version 8+)
· RefactoringMiner for mining refactorings
· EvoSuite for automated test generation
· Python 3.x and libraries such as:
· scikit-learn, pandas, numpy, matplotlib
· Optionally: Jupyter notebooks for experiment documentation
· Git for version control
· Data and Repositories:
· Access to open-source Java projects on GitHub with meaningful commit history and existing test suites
· Internet access to retrieve project histories and documentation
· (Optional): Access to GitHub Copilot or OpenAI GPT-4 (via ChatGPT or API) for conducting LLM comparisons

7. [bookmark: _Toc201510758][bookmark: _Toc201511072][bookmark: _Toc201511552] Limitations and Risk Mitigation
While the proposed methodology is designed to be robust, a few potential limitations are acknowledged:
· Test Suite Availability and Coverage: Not all open-source projects include comprehensive unit tests. In such cases, EvoSuite will be used to automatically generate test suites. If generated suites lack coverage of key behaviours, manual tests will be written to supplement or replace them, ensuring meaningful behavioural validation of refactorings.
· RefactoringMiner Precision: Although RefactoringMiner is widely used, it may miss or misclassify some refactoring operations. To mitigate this, mined refactorings will be manually reviewed (on a sample basis) to ensure dataset quality.
· Data Imbalance: Some refactoring types (e.g., Extract Method) may be more common than others, which could bias the classifier. This will be addressed using appropriate techniques such as resampling or weighted loss functions if necessary.
· Time Constraints: The optional comparison with LLMs (e.g., GPT-4 or GitHub Copilot) may be scaled down or omitted if project timelines do not allow for meaningful evaluation.
By anticipating these risks and incorporating fallback strategies—such as writing supplemental tests and manually reviewing critical data points—the project aims to ensure the reliability and validity of its findings.














8. [bookmark: _Toc201510759][bookmark: _Toc201511073][bookmark: _Toc201511553]Gantt chart 
	Weeks (Month)
	Tasks

	Weeks 1–2 (July)
	Finalise project scope, tools (RefactoringMiner, EvoSuite, Random Forest), select projects

	Weeks 3–4 (July)
	Collect data, extract refactorings from repos

	Weeks 5–6 (Aug)
	Feature engineering: extract code metrics and structural features

	Weeks 7–8 (Aug)
	Prepare dataset and start model training (Random Forest)

	Weeks 9–10 (Sept)
	Evaluate model, tune hyperparameters, analyse feature importance

	Weeks 11–12 (Sept)
	Apply predicted refactorings and run automated tests (existing/generated)

	Weeks 13–14 (Oct)
	Analyse functional correctness, perform static code quality analysis

	Weeks 15–16 (Oct)
	Optional: LLM-based refactoring comparison (if time permits)

	Weeks 17–18 (Nov)
	Write Methodology, Results, and Discussion chapters

	Weeks 19–20 (Nov)
	Revise, incorporate feedback, finalize write-up

	Weeks 21–22 (Dec)
	Final editing, formatting, submission preparation





9. [bookmark: _Toc201510760][bookmark: _Toc201511074][bookmark: _Toc201511554]Conclusion
This project addresses a critical gap in machine learning–based software refactoring by emphasising not only accurate prediction of refactoring types but also rigorous validation of their behavioural correctness. By combining data-driven models with automated test-based verification, the study aims to deliver practical, trustworthy tools that can support real-world software maintenance. With a well-defined methodology, clear objectives, and a feasible timeline, this research is positioned to contribute valuable insights and techniques to the field of automated refactoring.
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Table 2

List of code smells presented by Fowler et al. (1999) and Fowler and Beck (2019).

Smell

Description

Duplicated Code
Long Method/Long Function

Large Class
Long Parameter List

Divergent Change

Shotgun Surgery

Feature Envy

Data Clumps

Primitive Obsession

Switch Statements/Repeated
Switches

Parallel Inheritance
Hierarchies

Lazy Class

Speculative Generality

Temporary Field

Message Chains

Middle Man
Inappropriate Intimacy
Alternative Classes with

Different Interfaces
Incomplete Class Library
Data Class

Refused Bequest
Comments

Mysterious Name
Global Data
Mutable Data
Lazy Element
Insider Trading

Consists of equal or very similar passages in different fragments of the same code base

Very large method/function and, therefore, difficult to understand, extend and modify. It is very likely that this method has too
‘many responsibilities, hurting one of the principles of a good OO design (SRP: Single Responsibility Principle (Martin and
Martin, 2007))

Class that has many responsibilities and therefore contains many variables and methods. The same SRP also applies in this case

Extensive parameter list, which makes it difficult to understand and is usually an indication that the method has too many
responsibilities. This smell has a strong relationship with Long Method

A single class needs to be changed for many reasons. This is a clear indication that it is not sufficiently cohesive and must be
divided

Opposite to Divergent Change, because when it happens a modification, several different classes have to be changed

When a method is more interested in members of other classes than its own, is a clear sign that it is in the wrong class

Data structures that always appear together, and when one of the items is not present, the whole set loses its meaning

It represents the situation where primitive types are used in place of light classes

It is not necessarily smells by definition, but when they are widely used, they are usually a sign of problems, especially when used
to identify the behavior of an object based on its type

Existence of two hierarchies of classes that are fully connected, that is, when adding  subclass in one of the hierarchies, it is
required that a similar subclass be created in the other

Classes that do not have sufficient responsibilities and therefore should not exist

Code snippets are designed to support future software behavior that is not yet required

Nember-only used in specific situations, and that outside of it has no meaning

One object accesses another, to then access another object belonging to this second, and so on, causing a high coupling between
classes

Identified how much a class has almost no logic, as it delegates almost everything to another class

A case where two classes are known too, characterizing a high level of coupling

One class supports different classes, but their interface is different

‘The software uses a library that is not complete, and therefore extensions to that library are required

‘The class that serves only as a container of data, without any behavior. Generally, other classes are responsible for manipulating
their data, which is a case of Feature Envy

It indicates that a subclass does not use inherited data or behaviors

It cannot be considered a smell by definition but should be used with care as they are generally not required. Whenever it is
necessary to insert a comment, it is worth checking if the code cannot be more expressive

Non-significant names that do not represent the software elements

It can be modified from anywhere in the code base, and there’s no mechanism to discover which bit of code touched it

It changes to data can often lead to unexpected consequences and tricky bugs

Software elements designed to grow, but do not conform with software evolution

Coupling problems caused by trade data between modules
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