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Automated refactoring improves code quality, but current methods rely either on hand-crafted structural metrics or the semantic reasoning of large language models (LLMs). This study examines whether traditional machine-learning (ML) models can form a generalised refactoring classifier comparable to modern LLMs.
Three ML classifiers (Random Forest, SVM, Logistic Regression) trained on structural metrics achieved low accuracy (21–33%), indicating limited generalisability due to sparse features and data. In contrast, four state-of-the-art LLMs achieved substantially higher accuracy (74–79%), with no significant performance differences among them, demonstrating strong semantic understanding from minimal context.
A final validation testing on new untrained data showed a large performance gap: the best LLM reached 93% accuracy, while the best ML model dropped to 9.8%. Overall, the results show that traditional ML approaches are insufficient for generalised refactoring classification under current constraints, whereas LLMs provide robust and accurate predictions. Substantially richer features and larger datasets would be required for ML models to approach LLM-level performance.

1. [bookmark: _Toc220071157]Introduction 
Refactoring plays a fundamental role in sustaining software quality by improving the internal structure of code while preserving its external behaviour. As software systems evolve, accumulate technical debt, and undergo continuous modification, effective refactoring becomes essential for maintaining readability, extensibility, and long-term maintainability [1–9]. However, identifying and classifying refactorings at scale remains a challenging task, particularly in large and heterogeneous codebases. Prior to the emergence of LLMs research in automated refactoring detection relied primarily on ML models and specialised static-analysis tools that depend heavily on structural metrics.
Previous work, such as Aniche et al., has demonstrated that traditional ML classifiers can achieve high accuracy when trained on large, feature-rich, multi-project datasets [13]. Yet high performance within a combined dataset does not necessarily imply strong generalisation to entirely new projects. Numerous studies in empirical software engineering have shown that ML models trained on structural metrics often suffer substantial performance degradation when applied to unseen projects, largely due to differences in coding styles, metric distributions, architectural patterns, and domain characteristics. Although this phenomenon is well documented in related areas such as defect prediction and code-smell detection [57, 58], it has received limited attention in the context of refactoring classification specifically. This lack of cross-project evaluation represents a gap in existing research and motivates the need to examine how well structural ML models generalise compared with modern LLMs.
Recent advances in LLMs have introduced a new paradigm for source-code analysis. Models such as ChatGPT, Claude and Gemini exhibit strong semantic understanding of code and can perform a wide range of software-engineering tasks, including refactoring. Their ability to reason about context, intent, and naming conventions suggests potential advantages over traditional ML models, particularly for classification tasks with well-defined output categories. Despite this promise, LLMs remain computationally expensive, opaque in their internal reasoning, and sensitive to prompt design, offering far less controllability than traditional ML models that can be fully designed, trained, and interpreted. [50-55].
These contrasting strengths and limitations motivate a core question for modern software-engineering automation: to what extent can lightweight, metric-based ML classifiers generalise across previously unseen projects, and how do they compare to state-of-the-art, black-box LLMs in refactoring-type classification?
To address this question, the study compares the cross-project generalisation performance of traditional ML classifiers and LLMs for refactoring-type classification using Java projects. To support this investigation, the following hypotheses are proposed:
H1: Among the evaluated ML algorithms (Random Forest, SVM, Logistic Regression), the Random Forest classifier will achieve the highest predictive accuracy and stability across projects.

H2: Among the evaluated LLMs (ChatGPT 4.0, Gemini 1.5, Claude 3.5, and Amazon Q Developer), Amazon Q Developer will achieve the highest accuracy due to its code-specialised training.

H3: LLMs will outperform traditional ML classifiers in refactoring classification accuracy owing to their superior semantic and contextual understanding of source code. While accuracy is the primary metric for evaluating H3, secondary metrics (Precision, Recall, F1-Score) were also computed to ensure robust performance assessment.
This study addresses these hypotheses by conducting a controlled comparative investigation of traditional ML classifiers and modern LLMs for refactoring-type classification. Using a curated dataset of refactoring instances extracted from multiple open-source Java repositories, the study evaluates the predictive performance of Random Forest, SVM, and Logistic Regression models, alongside state-of-the-art LLMs including ChatGPT 4.0, Gemini 1.5, Claude 3.5 and Amazon Q Developer. The strongest models from each paradigm are then validated on unseen real-world Java projects to assess cross-project generalisation.

[bookmark: _Toc220071158]2. Background, Literature Review and Motivation
[bookmark: _Toc201510742][bookmark: _Toc201511056][bookmark: _Toc201511535][bookmark: _Toc220071159]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 [59]. While its primary objective is to enhance code maintainability and comprehensibility, refactoring also plays a vital role in improving software reusability, extensibility, and testability [60]. 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 [60, 61].
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 [60].
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 [62]. 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 [61-63].
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 [60, 61].
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Table 1 – List of code smells presented by Fowler et al (1999) [59]. 

[bookmark: _Toc201510743][bookmark: _Toc201511057][bookmark: _Toc201511536][bookmark: _Toc220071160]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 [64]. 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 [66].
· Lack of Cohesion in Methods (LCOM):
Introduced by Chidamber and Kemerer [65], 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 [66].
· 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 [67].
· 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 [68].
· 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 [67].
[bookmark: _Toc201510744]
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Translating refactoring principles into practice typically involves a manual, multi-step process comprising the following stages [69]:
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 [70].
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 1). Martin Fowler’s catalogue of refactoring techniques remains a key reference [71].
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 [72]. Moreover, the manual nature of refactoring increases the risk of inadvertently introducing errors [69].
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 [69, 70, 73].
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 [69, 73].
[bookmark: _Toc201510745][bookmark: _Toc201511059][bookmark: _Toc201511538][bookmark: _Toc220071162]2.4 Machine Learning Paradigms
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Figure 1: Process of Machine Learning [74].
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” [75, 76]. 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 [74].
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Figure 2: Machine Learning Types [74].
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 [13, 74].
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 [13, 74].
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 [13]:
· 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 [74, 77].
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 [13, 74].
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Figure 3: Random Forest structure considering multiple decision trees [74]. 
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 [13, 74].
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LLMs have emerged as powerful tools for software engineering tasks, particularly those requiring deep semantic understanding of source code and the ability to generate syntactically correct transformations. While LLMs build upon the transformer architecture, not all aspects of transformers are equally relevant for automated refactoring. The concepts most central to refactoring involve the mechanisms that enable models to capture long-range code dependencies, represent structural relationships, and perform context-aware code rewriting [45-49]. This section therefore highlights the components of LLMs that directly support the semantic and syntactic reasoning required for automated refactoring.
2.5.1 Transformer Self-Attention as a Foundation for Code Understanding for LLMs. 
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Figure 4: Structural Relationships Among Transformers, Foundation Models, and Large Language Models
Transformers operate using a self-attention mechanism that computes contextual relationships between all token pairs in an input sequence [47]. For code, this mechanism is particularly advantageous because software often contains dependencies that span multiple lines or even entire functions, such as variable definitions, type declarations, method invocations, and control-flow relationships. Self-attention enables the model to evaluate these dependencies by projecting each token into query, key, and value vectors and computing relevance scores between them. The resulting weighted aggregation allows the model to focus on semantically linked elements: for example, relating a variable's usage to its declaration or connecting an overridden method to its parent definition [46, 47].
Unlike earlier architectures such as Recurrent Neural Networks, which struggle with long-range dependencies due to sequential processing constraints, transformers process all tokens in parallel. This global receptive field is essential for refactoring tasks that require understanding interactions across an entire code block or file, such as renaming identifiers consistently, removing redundant logic, or restructuring complex conditionals [49, 45].
Because self-attention does not inherently encode token order, transformers incorporate positional encodings to represent syntactic structure. In programming languages, where control flow, indentation, and block boundaries have semantic significance, positional encoding assists the model in capturing hierarchical relationships and scope boundaries. These properties allow transformers to build contextual representations that align with the structural requirements of static analysis and code transformation tools [45, 46].

2.5.2 Encoder–Decoder to Decoder-Only Models in Code Transformation
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Figure 5: High-level architecture of encoder-decoder transformer [50]
Traditionally, transformer models were organised into an encoder–decoder structure, where the encoder produced a bidirectional contextual representation of the input, and the decoder generated output tokens autoregressively while attending to the encoder (fig 5). For code understanding tasks, encoder–decoder architectures such as T5, BART, and CodeT5 have demonstrated strong performance in tasks like code translation, summarisation, and defect detection, as they combine full–context comprehension with flexible sequence generation [47].
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Figure 6: High-level architecture of decoder transformer [50]
However, the rise of large decoder-only models, such as GPT and LLaMA, has been driven by their scalability and simplified training objectives. Decoder-only models learn to predict the next token in a sequence using causal self-attention, enabling them to perform transformation tasks by treating them as text completion problems (fig. 6). In a refactoring context, this means a model can be prompted with the existing code and a refactoring directive (“Rename variable x to count”, “Replace loop with list comprehension”, etc.), and the model autoregressively generates the revised code. Despite lacking an explicit encoder component, decoder-only models implicitly learn internal representations sufficient for complex structural transformations. The unified next-token prediction paradigm simplifies training and improves performance at scale, enabling decoder-only LLMs to generalise across diverse software engineering tasks, including repair, mutation, and refactoring, without dedicated task-specific architectures [46, 50]. 

2.5.3. Transformer Models Trained Specifically for Code
While general-purpose LLMs can operate on source code, models trained on code-specific corpora exhibit superior structural and semantic understanding. CodeBERT represented a significant advancement by learning joint embeddings for programming languages and natural language descriptions. Through masked language modelling and replaced token detection objectives, CodeBERT demonstrated that transformer-based models can capture program syntax, control-flow patterns, and semantic equivalences, enabling applications such as semantic code search and documentation alignment [47].
Subsequent models such as CodeT5 and Codex extended these capabilities to generative tasks, enabling context-aware code rewrite operations, structural transformations, and patch generation. These models leverage the same self-attention mechanisms as natural language LLMs but are trained on billions of lines of code, exposing them to diverse patterns of software evolution found in version-control histories. As a result, they implicitly learn common refactoring idioms and best practices, such as loop unrolling, variable hoisting, or API modernisation. In addition, by treating code as a structured language with strict syntax rules, transformer models develop internal representations of abstract syntax tree (AST) patterns even without explicit AST supervision. This latent structural modelling is crucial for refactoring tasks, which require precise modifications that respect syntactic and semantic correctness [45, 46].

2.5.4 Relevance and limitations of LLM Capabilities to Automated Refactoring

Automated refactoring places specific demands on analysis and transformation tools: they must understand program structure, model long-range dependencies, infer developer intent, and generate behaviour-preserving code modifications. The capabilities discussed in the previous subsections, i.e. global attention, context-aware generation, and exposure to large-scale code corpora, position LLMs as promising candidates for these tasks. However, their relevance becomes clearer when mapped directly to refactoring requirements. First, many refactorings require consistent updates across all occurrences of an entity, such as renaming variables or propagating structural changes across method calls. The transformer’s ability to model global token-token relationships allow LLMs to track these dependencies across an entire file or function. Second, generative refactorings such as method extraction or API migration require the creation of new code that preserves original behaviour. Decoder-only LLMs support such transformations by producing contextually grounded code completions conditioned on the existing code and a transformation directive. Third, exposure to large repositories enables LLMs to internalise common refactoring patterns and idiomatic code improvements, allowing them to propose transformations that align with established developer practices [45, 46].
Despite these strengths, several limitations constrain the use of LLMs in automated refactoring. LLMs may hallucinate syntactically invalid or semantically incorrect code, challenging the requirement for behaviour preservation. Their token-based representations lack explicit access to structural artefacts such as abstract syntax trees or type information, limiting deep semantic reasoning. Outputs can be sensitive to prompt phrasing and are not deterministic, which complicates their deployment in automated tooling. Finally, limited context windows restrict the model’s ability to process entire projects or multi-file refactorings. These limitations underline the need for carefully scoped applications of LLMs in refactoring pipelines and motivate the investigation of refactoring classification as a more controlled and tractable problem setting [45, 46, 51].

 
[bookmark: _Toc220071164]2.5 Literature Review 
Recent years have seen significant progress in applying ML techniques to software refactoring and code quality improvement. Early work by Aniche et al. [13] applied supervised ML methods to predict whether methods in Java projects required refactoring, using static code metrics such as lines of code, cyclomatic complexity, and coupling. Their classifiers, including Random Forests and SVM, were evaluated using standard metrics such as precision, recall, and F1-score on over two million refactorings mined from over 11,000 Java projects across the Apache, F-Droid, and GitHub ecosystems. Their models predicted 20 distinct refactoring types with accuracies often exceeding 90% identifying Random Forests as the most effective algorithm. However, the study also noted several limitations, including class imbalance via random under-sampling, which may not reflect real-world distributions. Moreover, their assumption that past refactorings represent desirable future patterns remains unverified. Despite these limitations, the dataset’s openness and methodological transparency make this one of the most robust empirical baselines for ML-driven prediction. Importantly, its exclusive focus on predictive accuracy, without assessing whether the suggested refactorings preserved program behaviour or improved maintainability, highlights a critical evaluation gap that directly motivates the present study. 
Building on this foundation, Emon et al. [14] introduced a framework combining code smell detection with refactoring recommendations. Using classifiers such as Random Forests, SVM, and K-Nearest Neighbours (KNN) trained on static code and design metrics, their approach demonstrated improved accuracy in identifying problematic code. The study evaluated 13 ML models across multiple metrics and similar to Aniche et al. [13] found Random Forests to achieve highest accuracy especially for Long Method and Large Class, achieving over 92%. While methodologically rigorous, the study’s focus primarily on predictive accuracy rather than assessing the downstream effects of refactoring suggestions on software quality. Its reliance on small-scale, static datasets and threshold-based definitions of code smells may also limit generalisability. This reflects a recurring gap in ML-driven refactoring research; high performing predictive models that are seldom validated for behavioural correctness or maintainability improvements. 
Similarly, Cui et al. (2022) proposed RMove, a ML based tool which integrates structural and semantic code representations, to predict Move Method refactorings. Specifically, RMove extracts method-level structural information, such as calling relationships, and semantic information from code content, then combines these representations to train ML classifiers that guide method relocation to appropriate classes. While RMove demonstrated improved effectiveness compared to its alternatives like PathMove, JDeodorant, and JMove, its evaluation had notable limitations. RMove’s evaluation focused on specific datasets, raising questions about cross-project generalisability and its performance on unseen or larger-scale software systems. Moreover, the approach currently relies on default embedding hyper-parameters and simplified structural features, such as basic calling relationships, without incorporating fine-grained information like callee types or invocation frequencies. These limitations suggest that, although classical machine learning approaches like RMove are promising for identifying potential refactoring opportunities, additional work is required to validate their real-world applicability and ensure safe, generalisable refactorings. 
Complementing this research, Yadav et al. [16] conducted a comprehensive survey of 42 studies on machine learning approaches for code smell detection, spanning publications from 2005 to 2024. They identified persistent challenges in the field, including the scarcity and imbalance of labelled datasets, subjective and inconsistent definitions of code smells, and difficulties in generalising models across projects, programming languages, and dataset scales. The study also underscored the lack of standardised benchmarks and evaluation metrics, which complicates cross-study comparison and replication. In addition, the study discussed several threats to validity, such as potential omissions due to inconsistent keywords across digital libraries, and the exclusion of some relevant conference and journal papers. Despite a rigorous search and evaluation process, these factors may introduce bias or limit completeness. Overall, their findings emphasise the need for robust, transparent evaluation methodologies, further motivating this project’s focus on ensuring that ML-based refactorings preserve behaviour and improve maintainability in real-world contexts.
Following classical ML, Yu et al. [15] proposed MovePerf, a deep learning framework predicting both the likelihood and runtime and memory performance impacts of Move Method refactorings. MovePerf selects relevant features from different level either class, method or semantic level from real-world projects and uses a hybrid model combining a factorisation machine (FM) for low-order feature interactions and a deep feedforward neural network (DFNN) for high-order interactions. Evaluated on multiple real-world Java projects, it achieved an average mean relative error (MRE) of 7.69%, outperforming CNN, DeepFM, DeepPerf, and HINNPerf by 1.83% to 8.61%, demonstrating both predictive accuracy and stability. To ensure performance label reliability, the authors employed the Java Microbenchmark Harness (JMH) for precise execution-time measurements. However, threats to validity remain: the dataset was relatively limited due to the manual collection of execution times, potentially restricting the diversity of refactoring scenarios, and the model’s interpretability is limited, making it challenging for developers to understand the influence of individual features. Despite these limitations, MovePerf illustrates an emerging trend of multi-dimensional assessment of refactoring quality, combining structural correctness with runtime performance evaluation.
Transitioning to LLMs, recent work demonstrates that LLMs can automate both detection and transformation tasks. Liu et al. [12] leveraged 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. 
However, Liu et al. also identified several limitations and threats to validity. The study only evaluated two LLM, GPT and Gemini, limiting the generalisability of results to other models, and it focused exclusively on within-file refactorings due to LLM context-length constraints. The authors also acknowledged the inherent stochasticity of LLM outputs, which complicates reproducibility, and noted that while RefactoringMiner ensure syntactic and semantic safety, it cannot distinguish between safe but low-quality refactorings and genuinely beneficial ones. These limitations directly inform and motivate the present work, which seeks to systematically compare multiple LLMs on their capability to perform refactoring tasks across different types and contexts. By expanding both the scale of evaluation and the range of models, this study aims to address prior gaps in generalisability and reproducibility, offering a clearer understanding of which LLMs perform most effectively and reliably in automate refactoring scenarios. 
Even lightweight small language models (SLMs) have been explored to capture code behaviour signals, although their capabilities are limited for complex, multi-file transformations compared to full-scale LLMs. Evaluations in Java and Python projects showed that SLMs could identify certain issues with reasonable accuracy (~84%), yet struggled with complex, multi-file transformations [7]. However, they struggled with valid refactorings incorrectly blocked by IDEs (Type II bugs), achieving only ~40% success. These results suggest that even compact models capture useful code signals, but the lack of rigorous multi-tiered evaluation frameworks limits the generalisability of their findings. Threats to validity also include the small size of the dataset (100 real-world refactoring bugs), reliance on manually verified ground truth, and potential human bias in evaluating model explanations. Moreover, results may not generalise to all programming languages or multi-file, cross-module refactorings. Despite these limitations, SLMs demonstrate strong potential as lightweight, hardware-efficient tools for behaviour-preserving bug detection, reducing reliance on costly static or dynamic analyses.
Emerging agentic AI approaches represent a further evolution in automatic refactoring. Gautam et al. (2025) introduced RefactorBench, a benchmark of 100 multi-file refactoring tasks designed to evaluate the stateful reasoning capabilities of language model (LM) agents. Their agents solved only 22% of tasks compared to 87% of human developers, largely because of difficulty of in tracking cross-file dependencies and maintaining consistent transformations. However, there are limitations including the risk of overfitting due to small sample size. Moreover, agents produce different results for the same task across runs. This undermines reproducibility and makes it hard to reliably compare models or benchmark improvements. Moreover, RefactorBench focuses on reasoning ability rather than verifying behavioural correctness or maintainability; an evaluation gap this study addresses through systematic behavioural validation [6]. 
Building on reasoning benchmarks, subsequent research explored multi-agent collaboration and hybrid human-in-the-loop approaches, each tackling different facets of automated refactoring. The Multi-Agent Refactoring Assistant (MANTRA) is an experimental multi-agent framework built around LLMs, in which a team of coordinated agents collaboratively automate method-level refactorings in Java codebases. Beyond simple code generation, MANTRA integrates a self-repair loop and inter-agent collaboration, enabling it to achieve an 82.8% success rate in producing refactorings that compile and pass all associated tests. This emphasis on behavioural validation parallels the present study’s use of test-suite based correctness checks. However, MANTRA primarily focuses on generating new refactorings rather than classifying or validating existing ones across multiple projects [9]. The current work complements this by providing a reproducible ML vs LLM framework that evaluates both predictive accuracy and behavioural correctness, addressing reproducibility and generalisability across diverse codebases.
Mo et al. [5] investigated interactive AIs agents for code refactoring but with combination of human guidance, where developers could review, override or steer the AI’s refactoring suggestions. Their system integrated real-time code analysis with adaptive interaction protocols, allowing the agent to respond dynamically to developer preferences and contextual requirements. In controlled experiments with 45 professional developers, the approach improved refactoring quality by 37% compared to traditional automated tools, achieving an 89.2% user acceptance rate. 
Despite these promising results, the system has notable limitations. Its effectiveness decreases for domain-specific refactoring patterns outside the training distribution, such as embedded systems or high-performing computing code. Performance also degrades on very large codebases with complex interdependencies, and maintaining real-time responsiveness during comprehensive code analysis remains technically challenging. Additionally, the evaluation largely reflects human-agent collaboration metrics, without systematically verifying whether refactorings preserve program behaviour, and it is constrained to the specific projects and contexts used in the study [5].
Together, these studies illustrate the growing potential of ML, LLMs, SLMs, and agentic AI in automated refactoring. However, persistent challenges remain: most approaches evaluate only predictive or generative accuracy, neglect behavioural correctness and cross-project generalisation, and rely heavily on static metrics or limited evaluation benchmarks. These gaps underscore the need for rigorous, structured evaluation frameworks that verify both the identification of refactoring opportunities and the functional correctness of transformations, directly motivating the methodology adopted in this study.

[bookmark: _Toc220071165]3. Motivation
ML based refactoring detection has been studied extensively, with prior work predominantly relying on supervised classifiers trained on refactorings extracted from the same projects in which they are evaluated [1-16]. While these approaches show promising within-project accuracy, they rarely assess cross-project generalisation, despite the fact that real refactoring tools are expected to operate on software systems they have never previously encountered. This methodological gap means that the practical reliability of ML-based refactoring detection in real-world development environments remains largely unknown.
Recent work leveraging LLMs [8–12] has demonstrated strong semantic understanding of source code, suggesting potential advantages over traditional metric-based ML classifiers. However, LLMs remain largely black-box systems, and existing studies often evaluate them only on curated datasets or isolated examples. As with ML models, their ability to generalise across diverse, unseen projects has not been systematically examined.
The lack of empirical research on cross-project performance constitutes a critical omission in the refactoring literature. Developers require tools that maintain accuracy when applied to unfamiliar, heterogeneous codebases, including legacy systems, modern libraries, and long-lived open-source projects. Without evaluating generalisation, there is no evidence that existing ML or LLM approaches are robust enough for practical adoption.
This project directly addresses this gap by conducting the first systematic comparison of cross-project ML models and LLMs for refactoring-type classification. A model is trained on refactorings from six projects and evaluated on four unseen real-world systems, providing a realistic assessment of how well both ML and LLM approaches transfer beyond their training distributions. By combining traditional ML techniques, LLM inference, and controlled manual refactorings to establish ground truth, this study delivers a comprehensive evaluation of generalisability, stability, and practical suitability.
Java is chosen due to its static typing, extensive open-source ecosystem, and mature analysis tooling such as RefactoringMiner, which enables reproducible extraction and verification of refactoring instances. The findings provide insights into whether conventional metric-based models remain viable for automated refactoring, or whether modern LLMs offer superior robustness for real-world software maintenance scenarios.

[bookmark: _Toc220071166]4. Methodology 	
	
This section outlines the methodological framework used in this research, structured according to the Research Onion Model originally proposed by Saunders et al. in 2007 (fig. 7). The framework progressively justifies the philosophical stance, research approach, methodological choices, strategy, time horizon, and the techniques and procedures employed in conducing the experiments. This layered structured ensures that the research design is coherent, logically grounded, and aligned with best practices in empirical software engineering. 
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Figure 7: Research Onion model [53].

[bookmark: _Toc220071167]4.1 Research Philosophy 

This study adopts a positivist research philosophy, whish asserts that knowledge is derived from objective, observable phenomena and can be measured through empirical evidence [54]. Positivism is appropriate for this research because all evaluations are based on quantifiable model outputs i.e. accuracy, precision, recall and F1-score. The study does not rely on subjective interpretation but instead uses controlled experiments and statistical tests to determine how effectively different predictive models classify refactoring operations. This philosophical stance underpins the use of hypothesis-driven evaluation and ensures methodological rigour consistent with empirical software engineering research [1].
[bookmark: _Toc220071168]4.2 Research Approach 

The research follows a deductive approach, in which predefined expectations (grounded in prior literature) are formally tested through experimentation. Previous studies [13, 16] suggest that Random Forest classifiers outperform other ML models in code-smell or refactoring prediction tasks, and that recent LLMs exhibit strong semantic understanding of source code [45, 46]. These initial expectations guide the structure of the experiments, which aim to confirm or refute hypothesis in Section 1. The deductive approach is therefore well-suited to this study, as it involves systematic testing, comparison of measurable outcomes, and statistical inference to draw conclusions from the data [55].


[bookmark: _Toc220071169]4.3 Methodological Choice 

This research adopts a mono-method quantitative methodological choice. All of the data collected and analysed in this study, including model predictions, performance metrics, and statistical comparisons, is numerical. The study does not incorporate qualitative analyses, case studies, or interviews, and instead relies exclusively on quantitative assessment of predictive accuracy and behavioural correctness across multiple datasets and tools. This choice aligns with the positivist and deductive stance, providing a consistent methodological basis for evaluating model performance objectively [56].

[bookmark: _Toc220071170]4.4 Research Strategy 
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Figure 8: End-to-End Experimental Pipeline for Model Evaluation 
 
The system is organised into a three-phase experimental workflow designed to evaluate model performance, select the strongest candidates, and assess their generalisability to unseen real-world projects (fig 8). The process begins by extracting source code from six Git repositories. RefactoringMiner is applied to these repositories to detect refactoring instances and generate structured before-and-after representations. From these instances, structural metrics are computed to support ML-based classification, while the corresponding code pairs are used as inputs for LLMs.
In Phase 1, multiple ML algorithms are trained and evaluated across the six curated projects to identify the model with the highest predictive accuracy and stability. In Phase 2, several LLMs are evaluated on the same test instances to determine the best-performing LLM under consistent prompt and evaluation conditions. Finally, in Phase 3, the selected ML model and LLM are evaluated on four entirely unseen, real-world validation projects. Controlled refactorings are applied manually to these projects, and RefactoringMiner is used to provide ground-truth labels, enabling a fair comparison of how well each model generalises to new codebases. This workflow provides a structured and reproducible pipeline for selecting the strongest models and assessing their practical robustness in realistic software maintenance scenarios.

[bookmark: _Toc220071171]4.5 Time Horizon 
The study employs a cross-sectional time horizon, in which all data is collected and analysed at a single point in time [52]. This is appropriate because the goal is not to observe changes in model performance over time but to provide a snapshot comparison of how ML and LLM models perform on structured and unseen datasets. Although LLMs evolve rapidly across versions, this study focuses on a fixed model state for consistency and reproducibility. 

[bookmark: _Toc220071172]4.6 Techniques and Procedures
4.6.1 Data Sources

This study relies data sources collected from open-source repositories and external tools. The aim was to assemble a dataset capturing structural, behavioural, and contextual aspects of refactoring activities in large-scale Java systems. These sources were selected to ensure diversity in software domains, scale, and architectural patterns, providing a representative and robust foundation for evaluating refactoring prediction approaches.
 
The empirical foundation of the study is drawn from six major open-source Java projects, selected for their maturity, scale and representation of diverse domains: 
1. Apache Commons Lang - utility library. Chosen for its focused utility functionality and well-structured code, providing a reliable basis for training predictive models. 
1. Apache Kafka - Distributed messaging system. Provides complex, concurrent code patterns typical of large-scale enterprise systems, useful for assessing model generalisation. 
1. IntelliJ IDEA Community - Integrated development environment. Represents large, interactive developer tools with diverse modules, allowing evaluation of models on complex software architecture. 
1. Spring Framework - Enterprise Web framework. Offers a large-scale framework with layered architecture, testing models against enterprise-level code patterns. 
1. Mockito - Unit testing/mocking framework. Provides domain-specific testing utilities, enabling evaluation of models in specialised libraries. 
1. Hibernate ORM - Object-relational mapping framework. Contains extensive database. Interaction code, adding diversity in coding patterns and refactoring types. 

Projects for testing real-world validation: 

1.  Java-WebSocket - A legacy networking codebase feature long methods, deeply nested loops and pre-modern design patterns  
2. Apache Commons-beanUtils– Another legacy project containing reflective utilities and large procedural methods representative of older enterprise libraries.
3. OpenPdf – A modern document-processing library whose codebase includes areas requiring restructuring and cleanup, making it useful for evaluating model performance on real-world maintainability issues.
4. Ant– A long-standing build automation tool with an older procedural architecture, providing examples of mature but outdated design patterns that commonly require refactoring. 
 
 
Collectively, these projects provide a broad spectrum of software types and coding patterns, offering a variety of contexts for training and evaluating predictive models and testing their robustness and generalisability.

4.6.2 Data Collection

Several types of primary data were collected from the selected projects to support the experimental evaluation of predictive models and behavioural preservation: 
 
1. Refactoring data - were automatically extracted from the selected projects’ commit histories using RefactoringMiner 3.0, which provides state-of-the-art detection and classification of refactoring operations [18]. These data form the basis for training and evaluating predictive models. 
2. Code metrics - structural (lines changed, cyclomatic complexity), contextual (file paths, commit metadata) and temporal (commit timestamps, evolution sequences). These metrics constitute the feature set by ML models and support contextual analysis of refactoring activities. Collecting diverse structural, contextual, and temporal information enables the models to captures patterns in code changes and facilitates feature importance analysis in Section 4.6.4.2.1.
3. Performance data - results of ML models and LLMs, including accuracy, precision, recall, F1), LLM outputs and cross-validation scores. These data allow quantitative assessment of predictive performance across datasets. Detailed definitions, formulas, and statistical analyses for these metrics are presented in Section 4.6.4, where they are used to quantify model reliability, sensitivity to refactoring types, and overall classification effectiveness.  
 
In addition to refactoring and performance data, relevant repository metadata such as commit histories, contributor activity, branch information, and build configurations were recorded to ensure traceability and reproducibility of the experimental workflow. These metadata supported data collection and validation but were not directly used as input features in model training or evaluation.


4.6.3 Refactoring Detection

For each project, the full Git history was cloned locally, and all commits modifying Java source files were identified. Merge commits and commits without source-code changes were excluded to reduce noise, resulting in a curated subset of commits more likely to contain meaningful structural edits.
Ten refactoring types were selected for this study based on their frequency in real-world Java systems, as determined through preliminary analysis of the curated repositories. These types span method-, parameter-, and variable-level modifications and thus provide representative coverage of common structural and behavioural refactoring activities:

1. Add Method Annotation
1. Change Parameter Type
1. Change Return Type
1. Change Variable Type
1. Extract Method
1. Extract Variable
1. Move Method
1. Rename Method
1. Rename Parameter
1. Rename Variable

RefactoringMiner was used to detect these operations and to produce a structured JSON representation of each instance, including its type and associated structural changes. These data formed the basis for training and evaluating the machine-learning models.
Using the location metadata supplied by RefactoringMiner, both pre-commit and post-commit code fragments were extracted. These fragments were trimmed to the relevant method or variable scope based on the exact line ranges modified in the commit, thereby avoiding unnecessary syntactic context. The resulting before- and after-pairs served as the input samples for evaluating the refactoring capabilities of LLMs in Section 4.6.7.2.
 

4.6.4 Evaluation Metrics

This study evaluates the predictive performance of ML models and LLMs using a set of standard classification metrics and statistical comparison techniques. These metrics support a rigorous and consistent assessment of model accuracy, stability, and cross-project generalisation. The following evaluation criteria are used throughout the three experimental phases of the study.

4.6.4.1 Primary Classification Metrics 

These metrics quantify the predictive capability of ML models and LLMs across the selected refactoring datasets, forming the foundation for evaluating classification accuracy and model reliability.
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Figure 9: Illustration of classification evaluation concepts. (A) Confusion matrix showing the distribution of true positive (TP), true negative (TN), false positive (FP), and false negative (FN) predictions used to compute accuracy, precision, and recall. (B) Normal distribution of model prediction scores illustrating how the classification threshold determines positive and negative outcomes [1].
 
4.6.4.1.1 Accuracy 

Accuracy measures the proportion of correctly classified refactoring instances across all types and provides and overall indication of model correctness [1]. It is calculated as 

This metric is useful for assessing general predictive performance of ML and LLM models in identifying refactoring operations. However, because refactoring datasets are often imbalanced, where one type of refactorings such as Rename method could occur more frequently than others, accuracy alone may not fully capture performance across all datasets [19]. For this reason, it is complemented by precision, recall and F1-score, which provide a more balanced evaluation of model performance across heterogeneous refactoring types. 
 
4.6.4.1.2 Precision, recall and F1-score

The confusion matrix (fig 9) forms the foundation for classification metrics such as precision, recall and F1-score by recording the number of correctly and incorrectly classified instances. Panel B shows the distribution of model prediction scores, illustrating how the classification threshold determines positive and negative outcomes [1].
From this matrix, precision and recall are calculated as: 

Precision and recall are complementary metrics: precision measures the reliability of positive predictions, reducing false suggestions, while recall ensures that model captures majority of actual refactoring instances. The F1-score, defined as the harmonic mean of precision and recall, balances these two metrics to provide a single indicator of predictive performance and represented as: 
 

A high F1-score indicates that a model is both accurate and complete in detecting refactoring changes. This is particularly relevant in refactoring prediction, where datasets are often imbalanced; a model may achieve high accuracy by predicting non-refactorings but fail to detect genuine ones. Using precision, recall and F1-score together provides a more balanced and informative evaluation of predictive performance across heterogeneous refactoring types [2,3]. 
 
4.6.4.2 Model evaluation metrics: 

Model evaluation metrics will be employed to assess the reliability, stability, and interpretability of model performance across different evaluation settings. Unlike primary classification metrics, which quantify predictive accuracy on individual test sets, validation metrics evaluate how consistently and transparently models perform under varying data partitions and feature configurations.
These metrics collectively ensure that the results obtained from ML classifiers are not only accurate but also generalisable and statistically robust. 

4.6.4.2.1 Feature Importance Analysis

Feature importance analysis will be employed to identify which structural characteristics of the code contributed most to the model’s refactoring predictions. This technique enhances interpretability by quantifying the relative contribution of each input feature to classification outcomes, supporting a clearer understanding of how the machine learning model distinguishes refactoring types.
An initial set of features was explored, including both structural and contextual attributes such as textual metrics (e.g., description length, word count) and path-based indicators (e.g., is_test_file, package depth). However, preliminary experiments showed that these additional features did not consistently improve predictive accuracy and often reduced generalisation performance, suggesting that the added contextual and textual dimensions introduced noise or redundancy rather than meaningful predictive value.
Consequently, the final model focused on three core structural features extracted directly from code metrics: Lines Changed, Cyclomatic Complexity, and Nesting Depth. These metrics improved predictive stability during early experimentation and were selected because they are well-established indicators of code structure and maintainability in software engineering research [22, 23].
For the LLM experiments, contextual (e.g., file paths, commit metadata) and temporal (e.g., commit timestamps) features were additionally utilised. These attributes were primarily necessary for retrieving the before and after code segments presented to the LLM, enabling it to infer the type of refactoring that had occurred.
 
 
4.6.4.2.2 k-Fold Cross Validation 

The k-fold cross-validation (CV) technique is used to reliably estimate a model’s performance on unseen data. It is implemented by randomly splitting the available data into k folds. Models are trained on k-1 folds and tested on the remaining fold iteratively until k times. Every fold gets used as a test set exactly once and as part of the training set k-1 times. Performance metrics, i.e., accuracy, precision, and recall, are then averaged across all folds. This method provides a robust measure of model generalisation and mitigates overfitting, making it widely used for model selection and hyperparameter tuning [20]. 
For this study, five-fold CV scheme will be employed to balance computations efficiency with reliable performance estimation, which is appropriate given the moderate size of the refactoring dataset. While large number of folds, i.e., >9 folds, can produce more precise estimates, this can significantly increase computation time. Recent research shows that reducing from 10-fold CV to 6-fold CV reduced computation time and energy use by approximately 40%, while maintaining performance differences below 2% for larger datasets (> 300,000 instances) [21]. This demonstrates that smaller fold counts, like five-fold, can provide accurate and computationally efficient performance estimates for medium-sized datasets. 
 
4.6.4.2.3 Confidence Interval (CI) Estimation and Training Stability  

Confidence Interval (CI) estimation will be applied to quantify the uncertainty in model performance scores obtained from cross-validation. This approach provides a statistical measure of reliability for each ML model’s predictive results, ensuring that observed performance differences are not due to random variation across folds. The use of CIs has been formally established in recent literature, which demonstrates their validity for estimating test error variability and supporting fair model comparison [24, 25].
The t-distribution, similar to normal distribution, has a bell shape but heavier tails. This will produce larger t-values, which increase the margin of error when estimating parameters, thereby accounting for the additional uncertainty associated with small sample sizes.  A 95% confidence interval will be calculated for each metric (accuracy and F1-score) using the t-distribution:

where  is the mean score across folds,  is the standard deviation,  is the number of folds,  the degrees of freedom, and   is the t-value for a 95% confidence level [2]. 
Training stability will be further assessed using CI width, which reflects the consistency of model performance across folds: 

A narrower CI Width indicates greater model stability and generalisation reliability. Following recent recommendations for uncertainty quantification in machine learning [26], models are categorised as excellent (CI < 4%), moderate (4-10%), or poor (> 10%).  CI overlap analysis will be used to determine whether observed performance differences between models were statistically significant [2,3].
 
 
4.6.4.3 Statistical Comparative Analysis metrics: 
 
Following model validation, statistical comparative analysis metrics will be employed to evaluate whether observed performance differences within and across ML models and large LLMs are statistically and practically significant. These analyses extend the validation framework by determining whether variations in model performance reflect genuine differences in predictive capability rather than random variation in the data.



4.6.4.3.1 P-value analysis
 
The p-value measures the probability of obtaining the observed results assuming that the null hypothesis is true. It is widely used in inferential statistics to test whether the differences observed between groups are likely to have occurred by random chance. 
Both t-tests and z-tests are statistical hypothesis tests that generate a test statistic describing how far an observed result deviates from the null expectation. The p-value is then derived from that statistic, representing the probability of obtaining such a deviation under the null hypothesis. In practice, t-tests use the t-distribution, which accounts for uncertainty in smaller samples, while z-tests rely on the normal distribution and are more appropriate for larger or proportion-based datasets (n > 30).
A conventional threshold of p < 0.05 will be adopted to denote statistical significance, corresponding approximately to values more than two standard deviations from the mean under a normal distribution. This threshold reflects the conventional 5% risk level for rejecting the null hypothesis when it is true, providing a balance between sensitivity and false-positive risk [27].  Further details regarding these experimental comparisons are provided in Section 3.5.
 
4.6.4.3.2 Cohen’s d and Cohen’s h calculation
 
While p-values indicate whether observed differences are statistically significant, they do not reflect the magnitude or practical importance of those differences. Therefore, even when a result is statistically significant, it may represent only a trivial effect in practical terms. To address this limitation, Cohen’s d and h will be calculated to quantify the effect size, providing a standardised measure of the mean difference between two groups and indicating how substantial that difference is in practice.
Cohen’s d is calculated as:

 
where and are the sample means of the two groups being compared, and is the pooled standard deviation. The resulting value expresses how many standard deviations apart the two means are, allowing comparisons that are independent of the original measurement scale.
Cohen’s h is used when comparing two proportions. It measures the distance between proportions and after applying the arcsine square-root transformation, which stabilises variance and makes proportion differences more mathematically consistent [36]: 

Cohen’s d is appropriate for continuous normally distrusted data with a measurable standard deviation while Cohen’s h is appropriate when comparing two proportions of metrics such as accuracy, precision or recall especially when there is one measurement per model [37].        
Interpretation of effect size follows conventional thresholds proposed by Cohen in 1988, where d < 0.2 indicates a negligible effect, 0.2–0.5 a small effect, 0.5–0.8 a medium effect, and > 0.8 a large effect [28].
In this study, Cohen’s d will be applied to quantify the magnitude of performance differences between ML models where data is likely to be continuous because of five-fold validation whereas Cohen’s h will be used to find the performance of best LLM models and comparison between the best LLM and ML model since they are going to be one measurement proportion. 
 
 
4.6.7 Planned Experiments And Expectations
Building upon the methodological foundation established in the previous sections, covering data collection, experimental design, and evaluation metrics, this section outlines the experiments to be conducted, and the expected outcomes associated with each. The focus is on translating the defined framework into a series of reproducible experimental procedures and presenting theoretically grounded expectations regarding model performance and generalisation.
 
4.6.7.1 Identifying the best ML model 

Using the six projects introduced in Section 3.3.1.1, this experiment will evaluate the cross-project performance of three machine learning algorithms, Random Forest, SVM, and Logistic Regression, to determine which achieves the highest predictive accuracy and stability. A training-to-testing ratio of approximately 3:2 (350 training and 150 testing instances) will be used. Refactoring instances will be extracted using RefactoringMiner 3.0. Then the three structural metrics, i.e. lines of code changed, cyclomatic complexity and nesting depth, will be derived as the input features for model training and testing. A single generalised model per algorithm will be trained across projects and tested on each project to assess how effectively it can classify refactoring types within a consistent codebase. 
To determine whether performance differences between models are statistically meaningful, five-fold cross-validation will be applied using accuracy, precision, recall and F1-score as evaluation metrics. The individual fold scores from the cross-validation, rather than their mean values, will be compared using t-tests for all pairwise combinations of the three ML algorithms. Using individual fold scores preserves information about the variability and consistency of performance across folds, which would otherwise be lost if only mean values were compared [24, 25]. For example, two algorithms may yield identical mean accuracies but differ substantially in their fold-to-fold stability. Therefore, this approach will provide a more reliable assessment of whether observed performance differences are statistically significant.
The paired t-test will be chosen over the z-test, even though the overall dataset is relatively large, because the t-test is more appropriate when the sample size per comparison (i.e. the five folds) is small and the population variance is unknown. Moreover, while a z-test evaluates performance on a single random split, cross-validation will examine multiple data splits, offering a more robust estimate of general model performance [29].
In addition to using the paired t-test for statistical significance, Cohen’s d test will also be performed to evaluate the magnitude of the differences between folds across pairs of algorithms. This will provide a measure of practical significance beyond the p-values obtained from the t-tests.
Furthermore, 95% confidence intervals will be computed for each metric across folds to assess the reliability and stability of the validation results. Narrow confidence intervals will indicate consistent performance across folds, whereas wider intervals will suggest higher variability.
Together, the t-test, Cohen’s d, and confidence intervals will provide a comprehensive view of both the statistical and practical significance of performance differences between models.
Based on prior research [13, 30], it is anticipated that the Random Forest classifier will achieve the highest overall predictive accuracy and stability across projects, owing to its ensemble learning mechanism and robustness to feature variability. The SVM is expected to perform competitively on less complex datasets or projects such as Apache Commons Lang but may exhibit reduced generalisability due to sensitivity to parameter selection [31]. Logistic Regression, while interpretable and efficient, is anticipated to underperform relative to non-linear models given the expected complexity of refactoring patterns.
 
4.6.7.2 Identifying the best LLM 

This experiment will evaluate the capability of LLMs to classify refactoring operations based on their semantic understanding of source code. For each project, the same 150 test cases used in the machine learning experiments will be employed to ensure a fair and consistent comparison. The evaluated models will include ChatGPT 4.0, Gemini 1.5, Claude 3.5, and Amazon Q Developer.
These models were selected to represent a diverse range of architectures and accessibility levels, with most being publicly available models, while Amazon Q Developer serves as a premium, code-specialised system for comparison. Preliminary testing was also conducted using a small language model (SLM) through Ollama; however, it was excluded due to inconsistent and unreliable outputs.
For each project, a subset of correctly extracted refactoring instances identified by RefactoringMiner is used to generate before-and-after code pairs. These code pairs are provided to each LLM together with a predefined list of possible refactoring types (Section 4.3.1.2.1). Prior to the main evaluation, a prompt calibration phase is conducted to identify a stable and reproducible instruction format. This involves iteratively refining prompt phrasing until consistent outputs are observed. Once finalised, the same standardised prompt structure is applied across all LLMs and projects to ensure methodological consistency.
In contrast to the ML classifiers, which are evaluated using five-fold cross-validation and therefore yield multiple performance estimates per model and metric (accuracy and F1-score), each LLM in this experiment is evaluated in a single inference setting on a fixed test set without retraining. Consequently, each LLM produces a single aggregate performance outcome per project rather than fold-level scores. Because this design does not yield multiple independent samples per model, F1-score and related metrics cannot be meaningfully compared using the same statistical procedures applied to the ML baselines. Accuracy is therefore used as the primary evaluation metric and is calculated as the proportion of correctly classified refactoring instances [19].
To assess whether differences in accuracy between LLMs are statistically meaningful, pairwise z-tests for proportions are conducted, with effect sizes quantified using Cohen’s h. This approach is appropriate for comparing proportions derived from single-sample evaluations rather than mean-based statistics.
It is anticipated that Amazon Q Developer may achieve the highest overall accuracy, given its positioning as a premium model fine-tuned for software engineering tasks. Prior work suggests that code-specialised LLMs often outperform general-purpose models on program understanding and transformation tasks due to domain-specific training and enhanced contextual reasoning capabilities [34, 35].


4.6.7.3 Real-World Validation of the Selected ML and LLM Models

For the final comparison between ML classifiers and LLMs, the best-performing model from each group will be selected based on the results of experiments 4.6.7.1 and 4.6.7.2. This comparison will be conducted exclusively on the four unseen real-world validation projects, as these projects were not used during training or prompt calibration and therefore provide a realistic assessment of cross-project generalisation.
For each of the four validation projects, controlled refactorings will be applied manually. Each refactoring will be committed individually, after which RefactoringMiner will be used to detect and classify the refactoring type, providing the ground-truth labels. These labelled instances will then serve as the test cases for evaluating the best-performing ML model using structural metrics.
The corresponding before-and-after code pairs will also be provided to the selected LLM, which will be asked to identify the refactoring type from the predefined taxonomy. The LLM’s predictions will then be compared directly against the RefactoringMiner labels under the same experimental conditions. This design ensures a fair and balanced comparison of how well the best ML model and the best LLM generalise to entirely new software systems.
Similar to the experiment described in Section 4.6.7.1, accuracy, precision, recall, and F1-score will be calculated for each model. Because these metrics will be calculated only once in this evaluation, CIs will be reported as high and low values, rather than as a mean ± standard deviation as done in the five-fold cross-validation in Section 4.6.7.1.
A paired z-test will be conducted on accuracy using the instance-level predictions of both models on the combined set of refactoring instances drawn from the four validation projects. Precision, recall, and F1-score cannot be tested with a standard z-test on a single run because they are ratios over subsets of predictions, not the entire dataset, and their values are dependent rather than independent Bernoulli trials like accuracy (See 4.6.4.1.2).
Since the ML and LLM models will be evaluated on exactly the same labelled examples, the comparison will be based on matched binary outcomes (correct/incorrect) for each instance. This will allow the statistical test to directly quantify whether the LLM achieves a significantly higher proportion of correct classifications than the ML model. Cohen’s h will be computed on the two accuracy proportions to assess the magnitude of the expected difference.
It is expected that LLMs will outperform traditional ML models because they are capable of understanding the semantic and contextual relationships within source code, rather than relying solely on quantitative structural metrics such as lines of code changed, cyclomatic complexity, and nesting depth. LLMs leverage large-scale pretraining on diverse codebases to generalise across projects and infer developer intent behind refactoring operations. Their ability to model code semantics, structural dependencies, and natural-language identifiers enables them to distinguish refactoring types more accurately and consistently than metric-based ML classifiers [32, 33].



4.6.8 Threats to Validity
This study employs a structured methodology; however, several threats to validity must be acknowledged.
4.6.8.1 Construct validity 

A primary threat concerns the use of RefactoringMiner as the source of ground-truth labels. Although RefactoringMiner is widely used and empirically validated, its detection is not flawless, and any false positives or false negatives may propagate into both model training and evaluation. A second construct threat relates to the limited feature set used by the machine-learning classifiers. Only three structural metrics, lines changed, cyclomatic complexity, and nesting depth, were included in the final models. While these features are grounded in software-engineering literature, they represent only a narrow view of refactoring behaviour and do not capture semantic information, developer intent, or contextual code properties. As a result, the ML models’ measured performance may not fully reflect their ability to detect more complex or subtle refactorings in real-world settings
4.6.8.2 Internal validity 

For the real-world validation phase, refactorings were applied manually to the four unseen projects. Although these refactorings were introduced only where they were genuinely needed and reflect realistic maintenance activities, manually applied refactorings tend to be more isolated and cleaner than naturally occurring developer commits, which often mix refactorings with other modifications. This may reduce the realism of the validation dataset, even though the refactorings themselves are authentic.

4.6.8.3 External validity 

The study focuses exclusively on Java systems and a predefined set of ten refactoring types. While this ensures methodological control and alignment with commonly studied refactorings, it limits the generalisability of the findings to other programming languages, additional refactoring categories, or industrial systems with different architectures and development practices. The open-source projects used in training and validation, despite being diverse and mature, may also differ from proprietary codebases in ways that influence model behaviour.

4.6.8.4 Conclusion validity 

ML models were evaluated using five-fold cross-validation, allowing estimation of performance variability through confidence intervals. LLMs, however, cannot be evaluated in the same manner and instead produce a single accuracy score per project. This means that LLM performance stability and variance cannot be quantified to the same degree as ML models. Although the paired statistical tests used in the final comparison are appropriate, the difference in evaluability introduces an inherent imbalance in how confidently the results can be interpreted. 


5. [bookmark: _Toc220071173]Implementation 
All implementation and experimentation were conducted on a MacBook Pro equipped with an Apple M2 Pro chip and 32 GB of memory. All code development was carried out in Visual Studio Code (v1.100.2). Python 3.11.3 and its associated libraries were used throughout the project: pandas for dataset processing and analysis, csv for structured data handling, and scikit-learn as the primary framework for ML model development. Additional tooling, such as Lizard for static metric extraction and joblib for model persistence, supported the construction of the ML pipeline. 
[bookmark: _Toc220071174]5.1 Data processing and extraction 


[image: A screenshot of a computer program

AI-generated content may be incorrect.]
Figure 10: RefactoringMiner JSON Output Structure for Rename Class Refactoring Detection

Five open-source Java repositories were selected from the list described in Section 3.3.1.1 and were cloned locally for analysis. Refactoring instances were extracted using RefactoringMiner 3.0, which automatically identifies refactoring operations across commit histories and outputs structured JSON metadata for each detected change. The number of lines of code affected by each refactoring was estimated by summing the leftSideLocations and rightSideLocations, which indicate the corresponding code fragments before and after the transformation. This automated approach was selected for practicality: although prior studies such as Aniche et al. (2020) and Tsantalis et al. (2018) employed detailed git-diff reconstruction for finer-grained line-level analysis, such methods involve significant manual resolution of noise, particularly when individual commits contain multiple refactorings or unrelated changes such as formatting edits or small bug fixes. Given the scale of the dataset and the constraints of this project, a simplified yet systematic extraction method was therefore adopted.
Structural metrics were computed using the Lizard static analysis tool, which produced cyclomatic complexity and nesting-depth measurements for each method-level code segment involved in the refactoring. A custom Python script was developed to run Lizard on all relevant pre- and post-refactoring file versions and merge the extracted metrics with the RefactoringMiner output.
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Figure 11: Sample CSV dataset showing extracted structural metrics and commit metadata for refactoring classification

After metric extraction, the dataset was assembled into training and testing partitions. Of the original entries, some were excluded due to missing files referenced in the RefactoringMiner report or because Lizard was unable to parse specific code fragments. The final dataset comprised 1,786 valid instances, of which 1,250 were used for training and 536 for testing (fig 11). Although the initial project list included Commons Lang, extraction for this repository proved unreliable due to inconsistencies between historical commit references and available file paths; accordingly, the dataset was limited to the remaining five projects.
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The ML evaluation was implemented in Python using pandas for data processing and scikit-learn for model construction and assessment. The dataset consisted of 2,050 refactoring instances extracted from five Java projects, each annotated with structural metrics such as cyclomatic complexity and nesting depth, computed using the Lizard static analysis tool. Three supervised learning algorithms, Random Forest, SVM, and Logistic Regression, were trained to classify instances into ten refactoring categories.
A five-fold cross-validation procedure was applied to evaluate model performance under varying training–testing partitions. Statistical significance testing was conducted using paired t-tests to compare the performance of the models across folds. Evaluation metrics included accuracy, precision, recall, and F1-score, allowing a comprehensive comparison of classifier behaviour across different refactoring types. To enable reproducibility and facilitate subsequent analyses, all trained models were saved using joblib.
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Figure 12: Code extracted using leftSideLocations, rightSideLocations and lines changes

The LLM evaluation used the same underlying dataset as the ML analysis but relied directly on code fragments rather than structural metrics. For each refactoring instance, before and after code snippets were extracted using RefactoringMiner’s leftSideLocations (pre-refactoring) and rightSideLocations (post-refactoring) fields, providing precisely aligned code segments associated with each transformation.
Four state-of-the-art language models were evaluated: Amazon Q Developer, Claude 3.5 Sonnet, GPT-4, and Gemini 1.5 Pro. Each model received the code pair and was tasked with predicting the correct refactoring type. A subset of 270 samples was selected for LLM testing to balance computational cost with evaluation depth. Model performance was assessed using accuracy and 95% confidence intervals, while single-proportion z-tests and Cohen’s h effect sizes were used to determine whether observed differences between models were statistically or practically meaningful relative to ML baselines.
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To assess generalisability beyond the curated dataset, a real-world validation study was conducted using four additional open-source Java projects: Java-WebSocket, Apache Commons BeanUtils, OpenPDF, and Apache Ant. These repositories were manually examined to collect instances of the ten refactoring types considered in this study, yielding 100 refactoring examples for evaluation.
For the ML models, RefactoringMiner was applied to the commit history of each project, and the resulting JSON outputs were converted into CSV format containing the structural metrics required by the trained classifiers. The best-performing ML model from Section 4.2 was then used to classify the refactoring types.
For the LLMs, the same commits were processed to extract before/after code snippets using leftSideLocations and rightSideLocations. Each LLM received the extracted code pair and predicted the associated refactoring category.
Performance was evaluated using accuracy with corresponding confidence intervals, and pairwise z-tests combined with Cohen’s h were used to assess whether differences between ML and LLM performance on this unseen dataset were statistically or practically significant.
























6. [bookmark: _Toc220071178]Results
The results are reported according to the three experimental phases established in the methodology: ML model evaluation, LLM evaluation and real-world validation.
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	Algorithm
	Accuracy (Mean ± Std)
	Precision (Mean ± Std)
	Recall (Mean ± Std)
	F1-Score (Mean ± Std)

	Random Forest
	32.80% ± 2.22%
	33.75% ± 3.48%
	32.20% ± 2.16%
	30.99% ± 2.33%

	SVM
	21.12% ± 1.46%
	9.67% ± 1.18%
	20.05% ± 1.30%
	12.09% ± 0.87%

	Logistic Regression
	21.12% ± 0.93%
	12.64% ± 4.05%
	19.84% ± 0.88%
	13.04% ± 0.69%



Table 2: Performance metrics of the machine learning models using five-fold cross-validation 




	Comparison
	Accuracy
	Precision
	Recall
	F1-Score

	Random Forest vs. SVM
	t = 9.17, p = 0.0008*
	t = 13.13, p = 0.0002*
	t = 9.77, p = 0.0006*
	t = 16.47, p = < 0.001*

	Random Forest vs. LogisticRegression
	t = 10.63, p = 0.0004*
	t = 6.25, p = 0.0033*
	t = 11.18, p = 0.0004*
	t = 13.92, p = 0.0002*

	SVM vs. LogisticRegression
	t ≈ 0.00, p = 1.000
	t = −1.18, p = 0.304
	t = 0.57, p = 0.598
	t = −1.48, p = 0.213




Table 3: Results of paired t-tests comparing model performance across cross-validation folds for Accuracy, Precision, Recall, and F1-Score. * represents statistically significant at p < 0.05.

To evaluate the predictive performance of the ML models, a five-fold cross-validation experiment was conducted using project-independent splits. The mean accuracy, precision, recall, and F1-score for the Random Forest, SVM, and Logistic Regression classifiers are presented in Table 2. All three models exhibited uniformly low performance, with mean accuracies ranging from 21% to 33%, far below the levels typically reported in prior refactoring-prediction studies. These results reinforce the difficulty of cross-project refactoring classification when relying solely on three structural metrics, which provide limited discriminative power across heterogeneous software systems.
Among the evaluated models, as expected Random Forest clearly outperformed both SVM and Logistic Regression across all performance metrics. It achieved the highest mean accuracy (32.80%), precision (33.75%), recall (32.20%), and F1-score (30.99%), while also exhibiting relatively stable performance across folds. In contrast, SVM and Logistic Regression demonstrated markedly weaker results, with nearly identical mean accuracies (21.12%) and substantially lower precision and F1-scores. Notably, SVM showed particularly poor precision (9.67%), indicating a high rate of false positives, while Logistic Regression exhibited greater variability in precision despite marginally outperforming SVM in F1-score (table 3).
To determine whether observed performance differences were statistically significant, paired t-tests were conducted using fold-level results for each evaluation metric, as summarised in table 2. The results reveal strong and consistent statistical significance in favour of Random Forest. Specifically, Random Forest significantly outperformed both SVM and Logistic Regression across all four metrics, with highly significant p-values (p < 0.001 in most cases). These results indicate not only statistical significance but also substantial practical differences in model behaviour.
In contrast, no statistically significant differences were observed between SVM and Logistic Regression for any metric. Accuracy comparisons yielded effectively zero difference (t ≈ 0, p = 1.000), and differences in precision, recall, and F1-score were similarly non-significant. This confirms that both models performed comparably poorly in this experimental setting, indicating that both linear and margin-based classifiers are ill-suited to this feature configuration under cross-project conditions (table 3).
Taken together, these findings demonstrate that Random Forest is the most effective and reliable classifier among those evaluated, both in terms of mean predictive performance and statistically significant improvements over competing models. Given its consistent superiority and robustness across all evaluation metrics, Random Forest was selected as the machine learning model for subsequent real-world validation on unseen projects, providing the strongest empirical foundation for further experimentation.
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	Model
	Metric
	Score (%)
	CI (Low %)
	CI (High %)

	Amazon Q Developer (Claude 4 Sonnet)
	Accuracy
	78.8
	74.4
	83.7

	
	Precision
	100.0
	100.0
	100.0

	
	Recall
	78.8
	74.4
	83.7

	
	F1-score
	88.1
	85.3
	91.1

	Claude 3.5 Sonnet
	Accuracy
	78.8
	73.7
	83.7

	
	Precision
	100.0
	100.0
	100.0

	
	Recall
	78.8
	73.7
	83.7

	
	F1-score
	88.1
	84.9
	91.1

	ChatGPT 5.1
	Accuracy
	77.2
	72.2
	82.2

	
	Precision
	100.0
	100.0
	100.0

	
	Recall
	77.2
	72.2
	82.2

	
	F1-score
	87.1
	83.9
	90.2

	Gemini 1.5
	Accuracy
	74.8
	69.6
	80.0

	
	Precision
	100.0
	100.0
	100.0

	
	Recall
	74.8
	69.6
	80.0

	
	F1-score
	85.6
	82.1
	88.9



Table 4:  Comparative Performance Evaluation of LLMs.


	Comparison
	Z-score
	p-value
	Cohen's h

	Amazon Q vs. ChatGPT
	0.417
	0.677
	0.036

	Amazon Q vs. Claude
	0.000
	1.000
	0.000

	Amazon Q vs. Gemini
	1.122
	0.262
	0.097

	ChatGPT vs. Claude
	-0.417
	0.677
	-0.036

	ChatGPT vs. Gemini
	0.706
	0.480
	0.061

	Claude vs. Gemini
	1.122
	0.262
	0.097


Table 5:  Pairwise Z-Test and Cohen’s h size results for LLMs comparison for accuracy. h < 0.2 indicates a negligible effect, 0.2–0.5 a small effect, 0.5–0.8 a medium effect, and > 0.8 a large effect

To assess the effectiveness of modern LLMs in classifying refactoring types, four models were evaluating on the refactoring set comprising 270 instances. The number of correct predictions and corresponding accuracies are shown in table 4. Overall, all LLMs performed substantially better than the traditional ML models (see Section 6.1), achieving accuracies between 74 % and 79% (table 4). Amazon-Q developer (Claude 4 Sonnet) and Claude 3.5 Sonnet achieved the highest accuracy, likely reflecting the shared underlying Claude model family. However, the difference in performance between the two remained identical despite Amazon-Q being the more premium version. ChatGPT 5.1 followed closely with 209 correct predictions (77.4%), while Gemini 1.5 achieved 202 correct predictions (74.8%) (table 4). Precision, recall, and F1-score are also reported in Table 4 for completeness; however, because all models achieved perfect precision and recall closely tracked accuracy, these metrics do not alter the comparative conclusions.

To determine whether these performance differences were statistically meaningful, pairwise two-proportion z-tests were conducted for all model combinations for accuracy, with the effect sizes expressed using Cohen’s h (table 5). The results indicate that none of the pairwise comparisons reached statistical significance of < 0.05 threshold.  For example, the difference between Amazon Q Developer and ChatGPT yielded p = 0.677 and Amazon Q and Gemini produced p = 0.262, again reflecting a negligible effect. Cohen’s h values also ranged from 0.00 to 0.097, all of which fall well below the 0.20 threshold for a small effect. This indicates that, although minor numerical differences in accuracy exist, the practical differences between the models are negligible. The substantial overlap in 95% confidence intervals further supports the absence of practically meaningful differences (table 4). When combined with the non-significant z-test results, this provides converging statistical evidence that the four LLMs perform equivalently on this dataset. The absence of meaningful effect sizes is particularly important, as it suggests that increasing the sample size would be unlikely to change the overall conclusion.
These results demonstrate that although the models differ in raw accuracy, the observed differences are small relative to the sample size and fall within the range of negligible effect sizes. In practical terms, the four LLMs perform at statistically indistinguishable levels on this task. Their comparatively high accuracy relative to traditional ML methods reflects the advantage of language-model-based reasoning over purely structural metrics. However, because no LLM showed a statistically significant improvement over the others, model selection for downstream use can be based on secondary factors such as inference speed, cost, interpretability, or integration convenience rather than performance differences. As a result, Claude 3.5 was selected for the subsequent ML and LLM comparison. This model offers performance comparable to Amazon Q Developer while being freely accessible, reproducible, and slightly more accurate, though not significantly, than ChatGPT 5.1 and Gemini 1.5. It therefore provides a strong representative LLM for the comparison without introducing licensing or cost constraints.
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	Model
	Metric
	Score
	CI (Low)
	CI (High)

	ML (Random Forest)
	Accuracy
	9.8%
	4.0%
	15.6%

	
	Precision
	16.8%
	9.5%
	24.0%

	
	Recall
	9.8%
	4.0%
	15.6%

	
	F1-Score
	6.7%
	1.9%
	11.6%

	LLM (Claude 3.5)
	Accuracy
	93.0%
	88.0%
	98.0%

	
	Precision
	93.0%
	88.0%
	98.0%

	
	Recall
	93.0%
	88.0%
	98.0%

	
	F1-Score
	93.0%
	88.0%
	98.0%


Table 6: Accuracy, Precision, Recall and F1-Score and CI Analysis of the ML and LLM Models. 

	Comparison
	Z-score 
	p-value 
	Cohen’s h (to 2 dp)

	ML vs LLM 
	10.8
	< 0.00001
	1.76 


Table 7: Pairwise z-test and Cohen’s h results for ML and LLM Comparison for accuracy.  d < 0.2 indicates a negligible effect, 0.2–0.5 a small effect, 0.5–0.8 a medium effect, and > 0.8 a large effect. 

To compare the effectiveness of traditional ML approaches with modern LLM, the best-performing ML model (Random Forest) was evaluated alongside the best-performing LLM (Claude 3.5) on the same held-out validation dataset. Table 6 reports the resulting accuracy, precision, recall, and F1-score, together with their corresponding 95% CIs.
The Random Forest model achieved low performance across all evaluation metrics (table 6). The wide CIs across these metrics indicate substantial uncertainty and poor generalisation to unseen projects, consistent with the cross-validation results reported in Section 6.1. In contrast, Claude 3.5 demonstrated consistently high performance across all metrics, achieving 93.0% accuracy, precision, recall, and F1-score, each with a narrow 95% CI of 88.0%–98.0%. This consistency across metrics indicates both strong predictive effectiveness and high stability in the model’s outputs.
To assess whether this difference is statistically meaningful, a two-proportion z-test was performed, with effect size measured using Cohen’s h (table 7). The results show an extremely large and statistically significant difference between the models (z = 10.8, p < 0.00001, h = 1.76).  This effect size greatly exceeds the threshold for a large effect (h > 0.8), indicating that the performance gap is not only statistically significant but also overwhelmingly substantial in magnitude.

These results clearly demonstrate that the LLM’s performance is vastly superior to that of the traditional ML model on the refactoring classification task. While Random Forest struggled to generalise to unseen projects consistent with earlier cross-validation findings in Section 6.1, the LLM achieved highly accurate and stable predictions across the validation set. This provides strong empirical support for the conclusion that modern LLMs capture semantic and contextual information that cannot be inferred from structural metrics alone and are therefore much better suited for this task.

7. [bookmark: _Toc220071182]Discussion 
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Hypothesis H1 proposed that Random Forest would achieve the highest predictive accuracy and overall stability across the evaluated machine learning algorithms. The results strongly support this hypothesis. Among the three models, Random Forest consistently achieved the best performance across all evaluation metrics, while both SVM and Logistic Regression performed substantially worse and exhibited broadly comparable results. Despite Random Forest’s relative superiority, overall predictive performance remained low, with mean accuracies ranging from approximately 21% to 33%. Although Random Forest has demonstrated strong performance in prior work, such as Aniche et al. [13], who reported accuracies above 90% and precision and recall exceeding 80% for method- and variable-level refactoring detection - such performance levels were not observed in this study. Instead, all models struggled to generalise effectively across projects. This discrepancy underscores the impact of experimental context: cross-project prediction introduces substantially greater heterogeneity and distributional shift than within-project settings, particularly when the feature space is severely constrained.
A key explanation for the observed performance gap lies in differences in feature richness and dataset scale. Aniche et al. [13] extracted more than 20 structural metrics for method- and variable-level prediction, many of which, such as number of methods, number of unique words, and Lack of Cohesion in Methods (LCOM), were not included in this study. While Lines of Code (LOC), the most frequently occurring metric in their work, was retained here, the absence of other informative metrics significantly limits discriminative capacity. Furthermore, their study relied on a dataset containing more than two million refactoring instances, whereas the present study used just over 1,250 instances in total. Prior research has consistently shown that small datasets are more susceptible to poor generalisation and increased variance, whereas large-scale datasets yield substantially higher classification accuracy [38, 39]. Although a dataset of this size is not inherently insufficient, the orders-of-magnitude difference in scale is likely a major contributor to the lower predictive performance observed here.
These findings are consistent with the conclusions of Yadav et al. [16], who reviewed 42 studies on ML techniques for detecting code smells and found that no single algorithm consistently outperforms others across all contexts. Instead, model performance is highly sensitive to dataset characteristics, feature selection, and experimental design. Their review also highlights that successful models typically rely on a richer set of structural metrics, Weighted Methods per Class (WMC), Depth of Inheritance Tree (DIT), Lack of Cohesion in Methods (LCOM), Cyclomatic Complexity (CC) and Number of Children (NoC), which capture multiple dimensions of structural complexity and design quality. The limited metric set and small dataset used in this study therefore represent known risk factors for reduced performance, particularly in cross-project scenarios where class imbalance and distributional shift are common.
While Random Forest clearly outperformed both competing models, no statistically significant differences were observed between SVM and Logistic Regression across any evaluation metric (table 3). Both models achieved nearly identical mean accuracies and similarly weak precision and F1-scores, indicating that neither was able to learn effective decision boundaries from the available features. This finding contrasts with earlier expectations that SVM might offer stronger performance in small-sample or noisy settings and suggests that the extreme feature sparsity and cross-project variability outweighed any such advantages in this context [13, 16].
Random Forest’s superior performance can be attributed to its ensemble-based learning mechanism, which allows it to model limited non-linear interactions even in low-dimensional feature spaces. Importantly, Random Forest also demonstrated relatively low variance across folds, indicating greater stability compared to the other models. This robustness has been widely reported in prior studies [1, 13, 23] and supports its selection as the most reliable classifier in this experimental setting. Nevertheless, the constrained feature space restricted the depth and diversity of decision-tree splits, preventing the model from achieving stronger predictive accuracy.
By contrast, Logistic Regression exhibited greater variability in precision, reflecting the sensitivity of linear decision boundaries to shifts in feature distributions across projects. Because Logistic Regression assumes a single global linear separator, even modest cross-project covariate drift can lead to unstable predictions and inconsistent performance [41]. The similarly weak results obtained by SVM suggest that margin-based optimisation alone is insufficient to overcome the lack of informative features in this task.
Taken together, these findings indicate that although Random Forest is the most effective model among those evaluated, substantial limitations remain in the overall approach. The uniformly low performance across all classifiers demonstrates that a small set of structural metrics cannot adequately capture the complexity of refactoring behaviour across heterogeneous software projects. These results highlight the necessity of richer feature representations, larger and more diverse datasets, and potentially alternative learning paradigms in order to achieve reliable cross-project refactoring prediction.
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The evaluation of LLMs on the refactoring dataset highlights several important observations regarding their capabilities and limitations in refactoring classification. The absolute performance achieved by all four models ranged from 74% to 79% accuracy, which is substantially higher than the accuracy achieved by the traditional ML models evaluated earlier. This improvement is consistent with recent studies demonstrating that modern LLMs excel at semantic reasoning and program understanding tasks, enabling them to capture contextual signals that simple structural metrics cannot [42, 43]. For example, a recent empirical assessment of LLM-based refactoring achieved an accuracy of 15.6%, increasing to 86.7% from generative to classifying refactoring [42]. 
Hypothesis H2 predicted that Amazon Q Developer would achieve the highest accuracy due to its specialised training for software-development tasks. However, the results did not support this hypothesis. Amazon Q Developer achieved the same accuracy as the standalone Claude models. This is unsurprising, as both services rely on the same underlying Anthropic models, and recent provider documentation indicates that Q Developer adds workflow tooling and task orchestration rather than altering or fine-tuning the underlying foundation model [44]. Thus, no meaningful performance difference would be expected between Q Developer and Claude when evaluated on a pure classification task.
Despite the comparatively strong performance of all evaluated LLMs, statistical analysis revealed that none of the models differed significantly from one another. Pairwise z-tests returned p-values greater than 0.05 in all comparisons, and all Cohen’s h values were below the 0.20 threshold for a negligible effect size. Even comparisons with the largest raw accuracy gap, such as Amazon Q Developer versus Gemini, produced effect sizes too small to indicate practically meaningful superiority (table 5). This suggests that minor differences in correct predictions fall within normal sampling variability rather than reflecting genuine differences in model capability. In practical terms, the four LLMs behave similarly on this dataset, and none demonstrates a reliably higher performance.
These results have several implications. First, they suggest that the refactoring-classification task may be approaching a performance ceiling for current LLMs when evaluated using discrete accuracy measures; distinctions in architecture or model scale do not translate into statistically robust improvements and may instead surface in factors such as inference cost, latency, or integration constraints. Second, the absence of statistically meaningful differences implies that model selection among frontier LLMs may have limited impact for small, structurally defined classification tasks [43, 45]. This is consistent with the broader observation that LLMs derive their advantage primarily from semantic richness and contextual reasoning. However, the dataset in this study provides only short, isolated code fragments, which substantially restrict the contextual cues available to the models. This limitation not only prevents LLMs from leveraging their full semantic reasoning capabilities but may also contribute to errors typically associated with hallucination. Prior work shows that when LLMs lack surrounding code context, they may infer incorrect intent, misidentify relationships between elements, or fill in missing information with statistically plausible but incorrect assumptions [45, 46]. In this study, the restricted code context may therefore act as a bottleneck, capping performance in the 74–79% range and preventing the models from achieving higher levels of accuracy, even when their underlying reasoning capacity is far greater.
Overall, the results show that LLMs have strong capability for refactoring classification, underscoring the maturity of current models in general code-understanding tasks while also indicating that meaningful differentiation between them requires evaluation criteria beyond simple accuracy comparisons.
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H3 predicted that LLMs would outperform traditional ML classifiers, and the results strongly support this hypothesis. Claude 3.5 achieved dramatically higher accuracy and consistency than the Random Forest model, whose performance on unseen data collapsed to near-baseline levels. The CIs and statistical tests confirm that the gap between the two models is not merely significant but overwhelming, with virtually no overlap in their performance distributions. In practical terms, Claude 3.5 demonstrates a level of semantic understanding and contextual reasoning that cannot be derived from structural metrics alone. This finding reinforces the broader conclusion that traditional ML approaches, when restricted to small, shallow feature sets, are fundamentally limited for cross-project refactoring prediction, whereas LLMs are far better suited to the semantic nature of the task.
These results have several implications. At first glance, one might conclude that traditional ML models are inherently weaker for refactoring prediction than modern LLMs. However, this interpretation would overlook the constraints of the experimental design. Prior studies, such as Aniche et al. [13] and Yadav et al. [16], report accuracies between 80% and 90% using ML algorithms including SVM and Random Forest - levels comparable to those achieved by LLMs in this study. This contrast indicates that the poor performance of the ML models here does not reflect intrinsic algorithmic limitations. Rather, it is primarily attributable to the restricted feature set: with only three structural metrics available, the models were unable to learn sufficiently discriminative patterns and therefore approached baseline performance.
This limitation is reinforced by the use of cross-project evaluation. When the Random Forest model was trained on one dataset and applied to an entirely different one, its accuracy dropped from approximately 33% to 9%, illustrating how sensitive feature-poor models are to shifts in project context. When such underpowered models are compared to commercial-grade LLMs, whose predictions leverage semantic reasoning, token-level code understanding, and rich contextual priors, the superior performance of the LLMs becomes unsurprising [43, 46]. The comparison highlights both the strength of LLMs and the critical importance of rich, informative feature sets for achieving strong performance with traditional ML techniques.

The datasets themselves could also explain the strong performance of LLMs relative to ML classifiers. Many of the method- and variable-level refactorings in the dataset, such as Rename Method, Rename Variable and Change Parameter Type, depend heavily on semantic cues rather than on structural properties. LLMs are explicitly optimised for semantic interpretation and code-understanding tasks, enabling them to infer likely intent even from short snippets. Refactorings such as Move Method or Change Return Type further require contextual understanding beyond the immediate method body, and although the dataset provides limited context, LLMs can leverage prior knowledge learned from millions of code repositories to approximate missing relationships. These characteristics help explain why ML accuracy collapsed toward random guessing, while LLM accuracy remained high despite the constrained input format and inherent ambiguity of some refactoring types.

Overall, the superior performance of the LLM is likely attributable to both the scale and richness of its training, rather than solely to a difference in modelling paradigm. Unlike the ML classifiers in this study, which were trained on just over 2,000 structurally defined instances using only three structural metrics, the LLM was trained on vast dataset comprising millions of code examples. Prior work, such as Aniche et al.[13], demonstrates that ML models can achieve high accuracy when trained on substantially larger datasets and far richer metric sets. This suggests that the low ML performance observed here reflects the limited feature space and training size, rather than an inherent inability of ML algorithms to perform refactoring classification. Further research is needed to determine how ML models perform when trained on more expressive metric sets and on larger datasets. 
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This study has several limitations that should be acknowledged when interpreting the results. First, the dataset used for training the traditional ML models was relatively small, comprising just over 1,000 instances, far fewer than the millions of examples used in prior machine-learning research on refactoring detection [13, 16] and the large-scale corpora used to train modern LLMs. The feature set was also highly constrained: only three structural metrics were available, whereas earlier studies typically rely on 20-60 metrics capturing complexity, cohesion, invocation patterns, or naming characteristics. This limited feature space restricted the discriminative power of the ML models and likely contributed to their low cross-project performance. In addition, one of the metrics, lines of code changed, was computed as a simple aggregation of all code modifications before and after a refactoring. This differs from standard practices in research, which typically use git diff to measure additions and deletions for lines of code changed. Adopting diff-based metrics was not feasible within the project constraints, as commits often contain multiple refactorings or unrelated changes, making automatic filtering or noise reduction extremely resource-intensive even with tools such as RefactoringMiner. Furthermore, the use of code excerpts derived from lines-of-code diffs limited the contextual information available to the LLMs. While this approach works for method- and variable-level refactorings, class-level refactorings would require significantly larger code contexts to be represented accurately. Finally, comparing commercial-grade LLMs, trained on massive multimodal corpora and optimised for semantic reasoning, with relatively rudimentary ML classifiers trained on sparse structural features introduces an inherent imbalance. As a result, the performance gap should not be interpreted purely as a reflection of algorithmic superiority.
These limitations suggest several avenues for future work. A natural extension would be to construct a richer and more comprehensive feature set for traditional ML models, incorporating metrics such as WMC, DIT, LCOM, CC, and identifier-based attributes, which prior research has found to be highly predictive. Obtaining metrics more rigorously, particularly through diff-based analysis of refactoring-related commits, would provide greater fidelity and reduce noise. Expanding the dataset to include a significantly larger and more diverse set of projects would also improve the robustness of ML approaches and enable more meaningful cross-project evaluation. Future studies could additionally explore class-level refactorings by extracting broader code contexts and evaluating how LLMs perform when given more complete semantic information. Finally, comparing LLMs with more advanced ML baselines (e.g., gradient boosting, deep learning architectures, or graph-based representations of code) would offer a fairer and more informative assessment of the relative strengths of each paradigm. Together, these directions would help build a more balanced, rigorous, and scalable framework for evaluating refactoring-detection techniques.

8. [bookmark: _Toc220071187]Conclusion

This study set out to evaluate the effectiveness of traditional ML models and modern LLMs for refactoring classification, with a particular focus on their ability to generalise across previously unseen software projects. The objectives were to assess the predictive performance of established ML models trained on lightweight structural metrics, examine the capabilities of state-of-the-art LLMs on the same task, and compare the strongest models from each paradigm using real-world validation data. The results across the three experimental phases reveal clear and systematic differences between these approaches.
Among the evaluated ML algorithms, Random Forest demonstrated the most consistent performance, partially supporting H1. However, overall predictive accuracy remained low and unstable across projects. This limitation is attributable to the restricted feature space, comprising only three structural metrics, and the small training dataset, which constrained the models’ ability to capture the complexity of refactoring patterns. These findings are consistent with prior research indicating that effective refactoring prediction using traditional ML techniques requires richer metric representations and larger, more diverse datasets.
In contrast, the evaluated LLMs achieved substantially higher and more stable accuracy across all experimental settings, strongly supporting H3. Notably, no statistically significant performance differences were observed among ChatGPT 4.0, Gemini 1.5, Claude 3.5, and Amazon Q Developer, leading to the rejection of H2. This result suggests that, for small-scale refactoring-type classification tasks based on limited code context, architectural and training specialisations among current advanced LLMs provide minimal practical advantage. The real-world validation phase further accentuated the divergence between the paradigms: while the ML models’ performance degraded to near-baseline levels on unseen projects, the LLMs maintained high and reliable accuracy, demonstrating superior cross-project generalisation through their ability to leverage semantic and contextual knowledge acquired during large-scale pretraining.
Traditional ML models showed limited predictive ability when trained on a small dataset with only three structural metrics. Although Random Forest performed most consistently within the ML group, overall accuracy remained low and unstable across projects, reflecting the constraints imposed by the narrow feature space and limited training data. These results align with prior work emphasising the need for richer metric sets and larger datasets for effective refactoring prediction. In contrast, the LLMs exhibited substantially stronger performance, achieving high accuracy and stable predictions even when limited to short code snippets. The four evaluated models performed at statistically indistinguishable levels, suggesting that architectural differences among current advanced LLMs offer little advantage on small, structurally defined classification tasks. The real-world validation further highlighted the divergence between the approaches: while the ML model’s performance degraded to near-baseline levels on unseen data, the LLM delivered high and reliable accuracy, demonstrating its advantage in leveraging semantic cues learned from large-scale datasets. 
Overall, these findings indicate that LLMs are currently far better suited than lightweight, metric-based ML classifiers for semantically grounded refactoring classification, particularly under realistic cross-project conditions. At the same time, the results do not imply inherent limitations of traditional ML approaches; rather, they underscore the critical dependence of such models on feature richness, data volume, and representation quality. This study therefore provides empirical evidence supporting the growing shift toward semantically informed models in software-engineering automation, while reaffirming the continued relevance of feature engineering in ML-based research.
Future work should explore larger and more diverse datasets, incorporate more expressive structural and semantic metrics, and apply more sophisticated diff-based feature extraction techniques. Extending the analysis to class-level and architectural refactorings that require broader contextual understanding may further illuminate the comparative strengths of ML and LLM-based approaches. Additionally, investigating advanced or hybrid ML architectures may offer insight into how traditional methods can be enhanced to remain competitive. In summary, this study demonstrates the practical advantages of LLMs for automated refactoring analysis while identifying key limitations and research opportunities necessary to advance both ML- and LLM-based techniques in software-engineering research.
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client. deleteshareGroup0ffsets("test-group", Collections.singleton(new TopicPartition("test-topic", 0)));

*HAFTER 1k
S
public void testDeleteshareGroup0ffsetsWithErrorinoneTopic() {
Map<string, Object> configs = new Hashiap<>();
configs. put(“bootstrap. servers", "localhost:9092");
String fooNane = "test-group";
KafkaAdninClient client = new KafkaAdminClient(configs);
client. deleteshareGroup0ffsets( fooNane, Collections.singleton(new TopicPartition("test-topic”, 8)));

+4REFACTORING TYPE
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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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