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 Abstract 

Software refactoring improves maintainability without changing external 
behavior, but many intelligent code smell studies stop at detecting problematic 
code and provide limited support for selecting actionable refactoring 
operations. Objectives: This study investigates RABERT-RR, an explainable 
relation-aware transformer for predicting candidate refactoring types from 
code and software metrics. Recommendations are decision-support outputs 
and are not validated executable transformations. The framework combines 
CodeBERT-based source-code embeddings with normalized software metrics 
and a relation-aware metric layer that models dependencies among size, 
complexity, coupling, cohesion, Halstead, and maintainability indicators. A 
fusion classifier predicts refactoring operations, while SHAP and LIME 
explain feature influence. The model was evaluated on a Java multi-class 
refactoring recommendation dataset of 11,072 samples using a 70:15:15 
train-validation-test split and compared with classical machine learning, deep 
learning, transformer-based, and LLM-based baselines. The reported 
experiment on 11,072 Java instances gives 0.913 accuracy and 0.902 F1-
score for RABERT-RR. These headline results require reconciliation with the 
per-class aggregates before definitive comparative conclusions can be drawn. 
The existing quality summaries mix historical observations and structural 
estimates; they do not establish behavior-preserving improvements caused by 
the recommendations. Combining code representations with inter-metric 
relationships is a promising approach to refactoring-type recommendation. 
Establishing practical effectiveness requires executable transformation 
validation, reconciled prediction-level results, and a publicly archived 
replication package. This revision specifies the required validation and release 
protocols; it does not report their completion. 
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1. INTRODUCTION 
Software systems continuously evolve in response 
to changing requirements, technology upgrades, 
bug fixes, and new features. During this evolution, 

source code often becomes more complex because 
new functionality is added under delivery pressure  
and without sufficient restructuring. This gradual 
design degradation increases maintenance cost, 
reduces readability, weakens modularity, and 
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contributes to technical debt. Refactoring 
addresses this problem by restructuring existing 
source code to improve internal design while 
preserving externally observable behavior [1], [2]. 
Code smells are widely used as indicators of 
refactoring opportunities. Smells such as Large 
Class, Long Method, Feature Envy, Data Class, 
complex conditional logic, duplicated behavior, 
and inheritance-related problems signal possible 
violations of modularity, cohesion, coupling, 
encapsulation, or responsibility assignment 
principles [2]-[5]. Detecting a smell, however, is 
only the first step. In practical maintenance, 
developers also need to decide which refactoring 
operation is suitable, why it is appropriate, and 
whether it is likely to improve quality. 
A substantial body of work has investigated rule-
based, metric-threshold, machine learning, deep 
learning, and transformer-based code smell 
detection [6]-[12]. These approaches have 
improved automated identification of problematic 
code, but many of them stop at a smell label or a 
binary classification result. Traditional refactoring 
recommendation systems often rely on thresholds, 
expert rules, or search-based optimization [9], [10], 
which are interpretable but can be sensitive to 
project context and difficult to generalize. 
Transformer-based code models such as 
CodeBERT and GraphCodeBERT capture 
semantic source-code patterns, yet they do not 
explicitly model the metric relationships that 
frequently determine refactoring suitability [11], 
[12]. 
Refactoring is not only a code-token 
understanding task. A recommendation such as 
Extract Class is usually supported by a 
combination of high lines of code, high method 
count, high attribute count, low cohesion, and 
high coupling. Extract Method is often associated 
with long method length, high cyclomatic 
complexity, nested conditionals, and high 
Halstead difficulty. Move Method depends on 
interactions between external data access, 
coupling, cohesion, and class responsibility. 
Treating these metrics as isolated numeric 
attributes may therefore miss meaningful design 
relationships. 

Another important concern is explainability. 
Developers may be reluctant to apply automated 
refactoring recommendations if a tool cannot 
explain why a specific operation was suggested. 
Incorrect refactorings can break dependencies, 
alter responsibilities, introduce regression faults, 
or reduce architectural consistency [13], [14]. 
Explainable AI methods such as SHAP and LIME 
can help make recommendations more 
transparent by identifying which metrics, code 
features, or structural relationships most 
influenced a prediction [15], [16]. 
This study proposes RABERT-RR for 
recommending candidate refactoring types, 
including Extract Method, Extract Class, Move 
Method, Rename Method, Encapsulate Field, 
Extract Interface, Pull Up Method, Push Down 
Method, Decompose Conditional, and Replace 
Conditional with Polymorphism. The model 
predicts an operation category; it does not 
determine all transformation arguments, execute a 
patch, or certify semantic equivalence. Historical 
or estimated quality indicators are exploratory 
evidence only. 
The main contributions of this study are as 
follows: 
• An explainable relation-aware transformer 
framework, RABERT-RR, is proposed for 
refactoring recommendation after code smell 
detection. 
• The framework integrates semantic source-
code embeddings with software metrics and 
explicit inter-metric relationship modeling. 
• The study evaluates multi-class refactoring 
recommendation using classical machine learning, 
deep learning, transformer, and LLM-based 
baselines. 
• SHAP and LIME are incorporated to expose 
influential input features; developer trust and 
explanation usefulness remain to be evaluated. 
• The study distinguishes recommendation 
accuracy, exploratory structural-quality indicators, 
and behavior-preservation evidence, and specifies 
an executable validation protocol and a 
replication-package release contract. 
The remainder of the paper is organized as follows. 
Section 2 reviews related work. Section 3 presents 
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the RABERT-RR framework. Section 4 describes 
the experimental setup. Section 5 reports and 
discusses the results. Section 6 presents threats to 
validity, and Section 7 concludes the paper. 

 
 
 

 
Fig. 1. Research gap from code smell detection to explainable refactoring recommendation. AI-assisted 

schematic reviewed by the authors. 
 
2. Related work 
2.1 Software refactoring, code smells, and 
repository mining 
Refactoring was formalized by Opdyke as a set of 
behavior-preserving transformations for object-
oriented systems [1] and later popularized through 
Fowler's catalog of practical refactorings [2], [4]. 
Refactoring is now central to software 
maintenance because it helps reduce design 
degradation, improve readability, and manage 
technical debt without changing external 
behavior. Mens and Tourwe reviewed the 
foundations and challenges of software 
refactoring, emphasizing that tool support must 
balance automation, correctness, and developer 
control [3]. 
Code smells and refactoring are closely linked. 
Lacerda et al. reported that code smell detection is 
frequently used to identify refactoring 
opportunities, but the relationship between a 

smell and a suitable refactoring is not one-to-one 
[5]. For example, Large Class may be addressed 
through Extract Class, Move Method, or Extract 
Interface depending on responsibility distribution 
and dependency structure. Tufano et al. further 
showed that smells are often introduced early in a 
code artifact's life rather than only after long-term 
decay [8], which supports continuous and 
proactive refactoring support. 
Repository mining enables the construction of 
empirical refactoring datasets. RefactoringMiner 
detects refactoring operations from commit 
histories and has been widely used in empirical 
studies [21], while RefDiff provides multi-language 
refactoring detection support [22]. Repository 
mining also provides insight into developer 
motivation. Silva et al. found that developers 
refactor not only to remove smells but also to 
improve readability, accommodate changing 
requirements, and restructure design [23]. These 
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findings suggest that recommendation systems 
should combine smell evidence, code semantics, 
metrics, and quality impact rather than treating 
refactoring as a direct smell-to-label mapping. 
 
2.2 Machine learning, deep learning, 
transformers, and LLMs 
Machine learning approaches usually rely on 
software metrics such as LOC, cyclomatic 
complexity, coupling, cohesion, Halstead 
measures, and maintainability indicators. Metric-
based models are useful because their inputs are 
interpretable, but they can miss semantic code 
patterns and are sensitive to project-specific 
thresholds. Search-based approaches can optimize 
refactoring sequences with respect to multiple 
objectives [10], yet they often require manually 
designed fitness functions and may provide 
limited explanation to developers. 
Deep learning methods learn representations 
directly from code sequences. Nyirongo et al. 
surveyed deep learning-based refactoring research 
and noted that many studies focus on smell 
detection or recommendation, while fewer address 
behavior preservation, quality validation, 
reproducibility, and explainability [25]. Sequence 
models such as CNN, LSTM, and BiLSTM 
capture local and sequential code patterns, but 
they are weaker at long-range dependencies and 
structural relationships. 
Transformer-based code models address some of 
these limitations. CodeBERT learns 
representations from programming and natural 
languages and supports code intelligence tasks 
[11]. GraphCodeBERT incorporates data-flow 
information into code representation learning 
[12]. PLBART uses a sequence-to-sequence 
denoising objective for program understanding 
and generation [26]. These models provide strong 
code semantics, but refactoring decisions also 
depend on quality-related structural indicators. A 
transformer-only representation may learn what 
code does without fully capturing why a 
refactoring is suitable. 
Large language models have recently been applied 
to code generation, repair, testing, summarization, 
and maintenance [27]. LLM-based refactoring is 

promising because models can generate natural-
language explanations and proposed code 
transformations. However, systematic reviews 
indicate unresolved challenges related to 
correctness, prompt sensitivity, reproducibility, 
project-level context, metric-awareness, and 
behavior preservation [28], [29]. In this study, an 
LLM-based recommender is therefore used as a 
baseline, while the proposed approach focuses on 
controlled, metric-aware, and reproducible 
classification. 
 
2.3 Explainability, quality impact, and research 
gap 
Empirical work shows that refactoring does not 
automatically improve every software quality 
attribute. Cedrim et al. investigated structural 
quality across multiple projects and questioned 
the assumption that refactoring always reduces 
smell density [17]. Kaur and Singh also reported 
that refactoring can affect quality attributes in 
different ways; for example, Extract Method may 
reduce method complexity while increasing 
method calls, and Extract Class may improve 
cohesion while introducing additional 
dependencies [18]. A useful recommendation 
system should therefore be evaluated not only by 
classification metrics but also by quality-impact 
indicators. 
Explainability is crucial because refactoring 
decisions affect program structure. SHAP 
quantifies feature contributions using additive 
explanations [15], while LIME approximates 
model behavior around individual instances [16]. 
In refactoring recommendation, explanations 
should align with accepted software engineering 
principles. For example, Extract Class should be 
justified through responsibility-related signals such 
as high LOC, high method count, low cohesion, 
and high coupling. Such explanations can help 
developers validate recommendations before 
applying them. 
The reviewed literature motivates combining code 
semantics, structural metrics, and explanation 
when recommending refactoring types. RABERT-
RR investigates this combination. Its scope does 
not resolve transformation correctness or 
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reproducibility by architecture alone: executable 
validation evidence and a released package are 
necessary to evaluate those properties. 
 
3. RABERT-RR framework 
3.1 Overview 
RABERT-RR predicts a candidate refactoring type 
from a code component and associated structural 
evidence. Its seven phases are dataset preparation, 
source-code and metric extraction, code 
representation, relation-aware metric 
representation, feature fusion, classification, and 
explanation with exploratory quality analysis. A 

separate validation stage is required before a 
recommendation may be treated as an applicable 
transformation; Section 3.5 specifies that stage. 
Each instance contains a source-code component 
C, a software metric vector M, a code smell label 
S, and a target refactoring label R. The model 
learns from both semantic source-code 
information and structural quality evidence. The 
input representation can be expressed as editable 
text as follows: 
x = {C, M, S}, where C is the code component, M 
is the metric vector, and S is the detected smell. (1) 

 

 
Fig. 2. Overall architecture of RABERT-RR. AI-assisted schematic reviewed by the authors. 

 
3.2 Dataset preparation and label construction 
The dataset was prepared from Java-based open-
source object-oriented repositories because Java 
has mature refactoring-mining and metric-
extraction support. Refactoring operations were 

mined from commit histories using 
RefactoringMiner [21]. Code smell labels were 
obtained from available smell labels and metric-
based detection rules. Mined refactorings were 
aligned with changed class-level or method-level 
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code components to construct supervised labels 
for recommendation. 
The smell-refactoring mapping in Table 1 was used 
to support label construction. Because one smell 
can correspond to more than one valid operation, 
the present version formulates the task as multi-

class classification and treats multi-label and 
sequence-based recommendation as future work. 
Duplicate fragments, incomplete entries, and 
ambiguous low-confidence mined refactorings 
were removed or manually checked to reduce 
noise. 

 
Table 1. Smell-refactoring mapping used in the proposed framework. 

Code smell Possible refactoring operations 
Large Class Extract Class; Move Method; Extract Interface 
Long Method Extract Method; Decompose Conditional 
Feature Envy Move Method 
Data Class Encapsulate Field; Move Method 
Complex Conditional Decompose Conditional; Replace Conditional with 

Polymorphism 
Inheritance-related design issue Pull Up Method; Push Down Method; Extract 

Interface 
Naming inconsistency Rename Method 

 
Table 2. Dataset summary and experimental split. 
Property Description 
Programming language Java 
Source type 32 mature open-source GitHub repositories 
Refactoring mining tool RefactoringMiner 
Code smell categories Large Class; Long Method; Feature Envy; Data 

Class; Complex Conditional; inheritance-related 
design issue; naming inconsistency 

Refactoring classes Extract Method; Rename Method; Extract Class; 
Move Method; Encapsulate Field; Decompose 
Conditional; Extract Interface; Pull Up Method; 
Push Down Method; Replace Conditional with 
Polymorphism 

Total samples 11,072 code component instances 
Training / validation / test 7,750 / 1,661 / 1,661 
Split ratio 70:15:15 
Feature types Source-code embeddings and software metrics 
Prediction task Multi-class refactoring recommendation 

 
Dataset provenance remains incomplete in this 
revision: the exact repository list, commit 
identifiers, licenses, sample manifest, and split 
membership have not been supplied with the 
manuscript. The totals in Table 2 are retained as 
reported and must be verified against the released 
records. 

3.3 Feature extraction and relation-aware 
modeling 
Two feature groups are used. Source-code features 
include class names, method names, attribute 
names, method bodies, control-flow statements, 
API calls, object interactions, inheritance 
information, and semantically useful comments. 
The code component is tokenized using the 
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selected transformer tokenizer. Long fragments are 
truncated or segmented, while shorter fragments 
are padded. 
Software metrics capture structural and quality-
related properties that are directly relevant to 
refactoring decisions. Table 3 summarizes the 
metric categories. Raw metrics are normalized 

using z-score normalization to reduce scale 
dominance by high-magnitude metrics such as 
LOC or Halstead effort. The code-token sequence 
and metric vector are represented as: 
C = [c1, c2, ..., cn]. (2) 
M = [m1, m2, ..., mk]. (3) 

 
Table 3. Software metric categories used in RABERT-RR. 
Metric category Metrics 
Size LOC; logical LOC; number of methods; number of 

attributes; number of statements 
Complexity Cyclomatic complexity; weighted methods per class; 

nesting depth 
Halstead Vocabulary; length; volume; difficulty; effort; 

estimated bugs 
Object-oriented Coupling Between Objects; Lack of Cohesion in 

Methods; Depth of Inheritance Tree; Number of 
Children; Response for a Class 

Maintainability Maintainability Index; code smell density; technical 
debt indicator 

 
CodeBERT is used as the main transformer 
encoder because it is pre-trained on programming 
and natural language data [11]. The final hidden 
representation of the classification token is used as 
a compact code embedding: 
Hc = CodeBERT(C). (4) 
The metric vector is first projected into a dense 
space and then passed through a relation-aware 
self-attention layer. This layer is intended to model 
dependencies such as LOC-complexity, coupling-
cohesion, method count-responsibility, and 
complexity-maintainability relationships: 
Hm = sigma(Wm M + bm). (5) 
Hr = RelationAttention(Hm, Hm, Hm). (6) 
The code representation and relation-aware metric 
representation are then combined by a fusion 
layer: 
Hf = Fusion(Hc, Hr). (7) 
The fused representation is passed to a softmax 
classifier that predicts the refactoring label: 
P(R | C, M, S) = softmax(Wo Hf + bo). (8) 
L = - sum_i y_i log(yhat_i). (9) 
 

3.4 Explainability and quality-impact evaluation 
RABERT-RR includes an explainability module to 
help developers understand why a refactoring was 
recommended. SHAP is used to estimate global 
and local feature contributions, and LIME is used 
to generate local explanations for selected 
instances [15], [16]. For example, an Extract Class 
recommendation should highlight excessive class 
responsibility indicators such as high LOC, high 
method count, high attribute count, low cohesion, 
and high coupling. An Extract Method 
recommendation should highlight method length, 
cyclomatic complexity, nesting depth, and 
Halstead difficulty. 
The original quality analysis combines metrics 
from historical post-change versions with 
structurally estimated values when executable post-
change versions are unavailable. These evidence 
types must be separated. A historical commit may 
include unrelated edits, and an estimated metric 
change is not a measured transformation 
outcome. Table 11 is therefore retained only as an 
unverified exploratory summary. For the 
validation study in Section 4.4, quality changes 
will be computed on isolated, executable patches 
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that pass the specified checks. For lower-is-better 
metrics, relative change is calculated as: 
Improvement = ((Before - After) / Before) x 100. 
(10) 
For higher-is-better metrics such as Maintainability 
Index, the formula is: 
Improvement = ((After - Before) / Before) x 100. 
(11) 
 
3.5 Candidate transformation validation 
protocol 
This protocol specifies a prospective validation 
stage, not a completed experiment. For each held-
out recommendation, record the original 
repository and commit, component identity, 
predicted operation and score, and required 
transformation arguments. A type such as Extract 
Method alone does not identify the statement 
range or new signature. A supported refactoring 
tool or a documented developer procedure must 
instantiate these arguments independently of the 
held-out target label; record manual assistance and 
unsupported cases separately. 
First, reconstruct and build the unmodified 
revision under a pinned JDK and dependency 
environment, and run its baseline tests. Record 
pre-existing failures and exclude non-executable 
baselines only under a predefined rule, retaining 
their counts and reasons. Next, check operation-
specific preconditions: scope and variable binding 
for extraction, receiver access and dispatch for 
movement, and visibility, overriding, and interface 
compatibility for hierarchy changes. A failed 
precondition rejects the candidate rather than 
silently changing the recommendation. 
Apply only the recommended transformation in 
an isolated working copy. Preserve the patch and 
tool log, rebuild, and rerun the unchanged 
baseline regression tests. Where feasible, add 
characterization or differential tests that compare 
observable outputs, exceptions, and state changes 
on identical inputs. Record test coverage and any 
untested changed code. Static analysis provides 

supplementary evidence; neither static checks nor 
successful compilation alone constitutes behavior 
validation. 
Assign each case one terminal status: not 
executable at baseline, unsupported or 
underspecified, precondition rejected, application 
failed, build failed, behavioral discrepancy 
detected, checks passed, or inconclusive. A checks-
passed case indicates no detected regression under 
the recorded checks, not a proof of semantic 
equivalence. Compute quality deltas only after this 
gate and preserve all rejected and inconclusive 
cases in the outcome manifest. 
 
4. Experimental setup 
4.1 Research questions 
RQ1 asks how well the model predicts the 
recorded refactoring type. RQ2 asks whether 
metric and relation components add predictive 
value under matched settings. RQ3 compares the 
model with specified baselines. RQ4 asks whether 
feature attributions provide interpretable 
evidence, without presuming developer 
usefulness. RQ5 asks what structural-quality 
changes are observed, distinguishing historical, 
estimated, and validated transformations. RQ6 
asks what proportion of held-out 
recommendations can be instantiated and pass the 
behavior-preservation checks in Section 4.4. RQ6 
remains unanswered by the current experiments. 
 
4.2 Baselines, tools, and training configuration 
RABERT-RR was compared with metric-only 
classical models, token-based deep learning 
models, transformer-based code models, and an 
LLM-based prompt baseline. The same train-
validation-test split was used for comparable 
models. Classical machine learning models were 
implemented with Scikit-learn [31], gradient 
boosting with XGBoost [32], and transformer 
models with PyTorch [33] and Hugging Face 
Transformers [34]. AdamW was used for 
transformer fine-tuning [30]. 
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Table 4. Baseline models and input features. 
Category Baseline models Input features 
Classical machine learning Decision Tree; Logistic 

Regression; SVM; Random 
Forest; XGBoost 

Software metrics 

Deep learning LSTM; BiLSTM Code tokens 
Transformer-based CodeBERT; GraphCodeBERT Source-code tokens 
LLM-based baseline Prompt-based recommendation Code component and smell label 

Proposed model RABERT-RR Source-code embeddings; 
software metrics; metric 
relationships 

 
Table 5. Implementation environment and training configuration. 
Item Value 
Programming and ML tools Python; PyTorch; Hugging Face Transformers; 

Scikit-learn; XGBoost; Pandas; NumPy; Matplotlib 

Explainability tools SHAP; LIME 
Refactoring mining RefactoringMiner 
Learning rate 2e-5 
Batch size 16 
Epochs 20 
Optimizer AdamW 
Dropout 0.3 
Maximum sequence length 512 
Loss function Categorical cross-entropy 
Early stopping Validation F1-score 

 
4.3 Evaluation metrics and statistical analysis 
The multi-class recommendation task was 
evaluated using accuracy, precision, recall, F1-
score, AUC, macro-average, weighted-average, and 
confusion-pattern analysis. AUC was computed 
using one-vs-rest macro averaging. Quality-impact 
metrics included Maintainability Index, 
cyclomatic complexity, Coupling Between 
Objects, Lack of Cohesion in Methods, LOC, 
method count, code smell count, and technical 
debt indicator. Statistical significance was 
evaluated with Wilcoxon signed-rank tests when 
normality could not be assumed [35]. For broader 
multi-model comparisons, Friedman and 
Nemenyi procedures are appropriate for repeated 
classifier comparisons [36]. Threats to validity were 
organized following standard empirical software 
engineering principles [37], [38]. 

4.4 Planned executable validation study 
The study will use the fixed held-out test partition, 
without selecting cases based on favorable 
outcomes. If validating all 1,661 reported test 
instances is infeasible, freeze a stratified sample 
across refactoring types and repositories before 
execution, publish its identifiers and seed, and 
state the sampling rule. Do not invent a sample 
size or treat the 1,661 classification instances as 
already validated patches. 
Let N be all selected recommendations, E the cases 
with executable baselines, A the successfully 
applied and built patches among E, and V the 
patches passing all specified behavioral checks 
among A. Report E/N as baseline executability, 
A/E as application-and-build yield, V/A as 
conditional check-pass rate, and V/N as end-to-
end validated yield, together with counts for every 
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terminal status. Use “not estimable” for a zero 
denominator. Report per-type and per-repository 
outcomes with uncertainty intervals; account for 
within-repository dependence when estimating 
pooled uncertainty. 
For validated patches, recompute before/after 
metrics using identical tools, versions, 
configurations, and aggregation boundaries. 
Extraction must include both source and newly 
created components so that merely moving code 
does not appear as deletion. Report cohort size, 
absolute paired deltas, relative changes, and 
uncertainty; relative change is undefined when the 
baseline is zero. Analyze historical commits and 
structural estimates in separate cohorts, and do 
not attribute changes from mixed-purpose 
commits to the model. 
No N, E, A, or V values, regression outcomes, 
coverage statistics, or validated quality deltas are 
available in the supplied manuscript. These 
outcomes must be populated from actual 
executions before the behavior-preservation 
concern can be considered addressed empirically. 
 
4.5 Replication package and release verification 
The release must contain the processed 11,072-
instance dataset or a legally redistributable 
reconstruction path; a data dictionary with units, 
missing-value rules, label definitions and class 
counts; repository URLs and licenses; 
parent/child commit hashes; component paths 
and stable sample identifiers; mined operation 
records; filtering and manual-adjudication 
decisions; and exact training, validation, and test 
membership. Document exclusions and 
redistribution restrictions at file level. 
Provide runnable mining, preprocessing, training, 
inference, explanation, and evaluation entry 
points; pinned dependency and JDK versions; 
hardware specifications; all seeds and 
configurations; checkpoint identifiers or weights 
where permitted; and machine-readable 
predictions and logs for every reported model. 
Record the exact LLM model/version, prompt, 
decoding settings, query date, response parsing, 
failures, and class-score derivation for AUC. A 

predicted class label alone is insufficient to 
reproduce a score-based AUC. 
Document normalization fitted on training data 
only, duplicate and near-duplicate handling, and 
repository/commit overlap between splits. 
Features must come from the pre-change revision, 
with post-change information excluded from 
model inputs. Record the smell label’s actual role: 
Equation (8) conditions on S, but the presented 
fusion equations do not specify its encoding. 
Supply the implemented metric-token shapes, 
relation construction, attention dimensions, 
fusion operation, and checkpoint-selection rule 
instead of relying only on schematic equations. 
Include each validation patch, precondition 
decision, build/test command, baseline and 
transformed logs, coverage evidence, terminal 
status, and paired metric record. Statistical scripts 
must regenerate per-class and aggregate metrics, 
uncertainty intervals, and tests from retained 
predictions and paired run records. Specify 
averaging conventions, independent units, effect-
size definitions, and correction for multiple 
comparisons. 
Before release, run the documented workflow in a 
clean environment, regenerate the manuscript 
tables and figures, verify split counts and output 
checksums, and record any deviations. Archive an 
immutable version with a persistent identifier, 
licenses, a README, expected outputs, and a 
release manifest. Verify anonymous access to the 
processed data and package; do not substitute an 
empty repository or an availability-on-request 
statement for the complete public release. Release 
completion remains pending. 
 
5. Results and discussion 
5.1 Overall performance 
Table 6 preserves the originally reported 
performance values. RABERT-RR has the highest 
reported scores, including accuracy 0.913 and F1-
score 0.902, compared with GraphCodeBERT F1-
score 0.861. However, the aggregate metrics are 
inconsistent with Table 7, as detailed below. These 
values should not support definitive superiority 
claims until prediction-level recomputation is 
complete. The LLM comparison additionally 
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requires its exact model identifier, prompt, 
inference configuration, and scoring procedure. 
 
Table 6. Performance comparison of refactoring recommendation models. Original reported values 
pending reconciliation or audit. 

Model Accuracy Precision Recall F1-score AUC 
Decision Tree 0.742 0.731 0.724 0.727 0.781 
Logistic 
Regression 

0.758 0.746 0.739 0.742 0.796 

SVM 0.771 0.762 0.754 0.758 0.811 
Random Forest 0.803 0.794 0.787 0.790 0.842 
XGBoost 0.821 0.813 0.806 0.809 0.861 
LSTM 0.794 0.782 0.775 0.778 0.832 
BiLSTM 0.812 0.804 0.796 0.800 0.851 
CodeBERT 0.856 0.849 0.841 0.845 0.891 
GraphCodeBERT 0.872 0.864 0.858 0.861 0.907 
LLM-based 
baseline 

0.834 0.821 0.815 0.818 0.866 

RABERT-RR 0.913 0.906 0.899 0.902 0.941 
 

 
Fig. 3. F1-score comparison of RABERT-RR with baseline models. Data visualization generated from the 

experimental results. Underlying values remain subject to the result audit. 
 
5.2 Performance by refactoring type 
Table 7 reports higher per-class F1-scores for 
Extract Method, Rename Method, and Extract 

Class than for inheritance-related operations. This 
is a descriptive pattern; the experiment does not 
isolate frequency, hierarchy reasoning, or 



INTERNATIONAL JOURNAL OF ADVANCED RESEARCH 

International Peer-Reviewed Research Journal 

ISSN (Online): 3106-7980 | ISSN (Print): 3106-7972 

Volume 3 • Issue 5 • September 2026 

https://ijournalar.com  | Ali et al., 2026 | Page 1376 

behavior-preservation constraints as its cause. The 
per-class supports total 1,661, but their weighted 

aggregates do not match the table’s weighted-
average row. 

 
Table 7. Performance by refactoring type on the test set. Original reported values pending reconciliation 
or audit. 
Refactoring type Precision Recall F1-score Support 
Extract Method 0.921 0.914 0.917 276 
Rename Method 0.918 0.907 0.912 256 
Extract Class 0.906 0.896 0.901 229 
Move Method 0.894 0.884 0.889 182 
Encapsulate Field 0.887 0.876 0.881 164 
Decompose 
Conditional 

0.874 0.861 0.867 142 

Extract Interface 0.862 0.848 0.855 122 
Pull Up Method 0.846 0.831 0.838 104 
Push Down 
Method 

0.832 0.817 0.824 96 

Replace 
Conditional with 
Polymorphism 

0.821 0.803 0.812 90 

Macro average 0.876 0.864 0.870 1,661 
Weighted average 0.906 0.899 0.902 1,661 

 
Result reconciliation required: weighting the 
displayed class precision, recall, and F1-scores by 
their supports yields approximately 0.888, 0.877, 
and 0.882, respectively, rather than 0.906, 0.899, 
and 0.902. In exhaustive single-label classification, 
support-weighted recall also equals accuracy, so 

0.899 recall and 0.913 accuracy cannot describe 
the same predictions under that convention. 
These calculations use rounded table entries and 
are diagnostics, not replacement experimental 
results. Recompute both tables from saved 
predictions. 
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Fig. 4. F1-score of RABERT-RR across refactoring types. Data visualization generated from the 

experimental results. Underlying values remain subject to the result audit. 
 
5.3 Ablation study and statistical significance 
Table 8 retains the reported ablation values, which 
suggest an association between adding metrics, 
fusion, and higher F1-score. A causal attribution 
to relation modeling requires matched 
initialization, splits, tuning budgets, and repeated-

run predictions. The CodeBERT-only score also 
differs between Table 6 (0.845) and Table 8 
(0.852); the corresponding configurations and run 
identities must be documented before interpreting 
that difference. 

 
Table 8. Ablation study of RABERT-RR components. Original reported values pending reconciliation or 
audit. 

Model variant Accuracy Precision Recall F1-score 
Metrics only 0.842 0.836 0.831 0.833 
Code tokens only 0.781 0.773 0.768 0.770 
CodeBERT 
embeddings only 

0.862 0.855 0.849 0.852 

CodeBERT + 
metrics 

0.884 0.877 0.871 0.874 

CodeBERT + 
metrics + fusion 
layer 

0.896 0.889 0.883 0.886 

Full RABERT-RR 
model 

0.913 0.906 0.899 0.902 
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Table 9 retains the originally reported p-values and 
effect sizes as unverified statistical summaries. The 
manuscript does not provide the paired 
observations, number of runs, seeds, effect-size 
definition, or multiple-comparison treatment 

needed to audit these tests. Statistical significance 
and practical significance are therefore not 
established in this revision. Reanalysis must use 
documented independent units and report 
uncertainty alongside effect sizes. 

 
Table 9. Statistical significance testing results. Original reported values pending reconciliation or audit. 
Comparison Test p-value Effect size Result 
RABERT-RR vs 
CodeBERT 

Wilcoxon signed-
rank 

0.018 0.62 Unverified 

RABERT-RR vs 
GraphCodeBERT 

Wilcoxon signed-
rank 

0.041 0.49 Unverified 

RABERT-RR vs 
XGBoost 

Wilcoxon signed-
rank 

0.009 0.71 Unverified 

RABERT-RR vs 
LLM baseline 

Wilcoxon signed-
rank 

0.022 0.58 Unverified 

 
5.4 Explainability and quality impact 
Table 10 gives qualitative examples of feature-
based interpretations consistent with the stated 
design rationale. These examples do not establish 
attribution fidelity, stability, or developer 
usefulness. A reproducible explanation analysis 

must specify the explained output, SHAP 
background data and explainer, LIME 
perturbation scheme and sample budget, random 
seeds, and whether metrics are perturbed while 
code is held fixed. Correlated or implausible 
perturbations can affect interpretation. 

 
Table 10. Example explainability output. 

Detected smell Recommendation Influential features Interpretation 
Large Class Extract Class LOC; method count; 

attribute count; LCOM; 
CBO 

The class shows 
excessive responsibility 
and low modularity. 

Long Method Extract Method Method length; 
cyclomatic complexity; 
nesting depth; Halstead 
difficulty 

The method contains 
long and complex logic 
that can be 
decomposed. 

Feature Envy Move Method External attribute 
access; coupling; low 
local data usage 

The method uses more 
data from another class 
than from its own class. 

Data Class Encapsulate Field Public attributes; low 
behavior count; weak 
encapsulation 

The class exposes data 
directly and requires 
stronger encapsulation. 

Complex Conditional Replace Conditional 
with Polymorphism 

Conditional depth; 
repeated branching; 
type checking 

Conditional behavior 
may be represented 
through polymorphic 
classes. 

 
Table 11 preserves the original exploratory quality 
summary for traceability. Its sample count, 

aggregation unit, before/after pairing, metric-tool 
configuration, and distinction between measured 
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and estimated values are not documented. 
Consequently, these figures cannot establish that 
RABERT-RR caused quality improvements or 
preserved behavior. They must be replaced with 

separately reported historical, estimated, and 
validation-passing cohorts before being used as 
empirical evidence. 

 
Table 11. Original exploratory quality summary pending provenance and validation. 
Quality metric Before After Absolute change Percentage change 
Maintainability 
Index 

62.40 71.85 +9.45 +15.14% 

Cyclomatic 
Complexity 

18.72 12.36 -6.36 -33.97% 

Coupling Between 
Objects 

14.80 10.25 -4.55 -30.74% 

Lack of Cohesion 
in Methods 

0.68 0.49 -0.19 -27.94% 

LOC 286.50 219.30 -67.20 -23.46% 
Method Count 18.40 14.10 -4.30 -23.37% 
Code Smell Count 1.00 0.32 -0.68 -68.00% 
Technical Debt 
Indicator 

124.60 min 81.25 min -43.35 min -34.79% 

Note. Negative percentage values indicate reduction for lower-is-better metrics. 
 
5.5 Discussion of research questions 
RQ1: The reported accuracy is 0.913; consistency 
checks prevent a definitive interpretation until 
predictions and aggregate metrics are reconciled. 
RQ2: Reported ablations favor the full model, but 
matched configurations and repeated-run 
evidence are needed to quantify the contribution 
of relation modeling. 
RQ3: The reported ranking favors RABERT-RR. 
Reproducible baseline specifications and 
reconciled results are needed before claiming 
robust superiority. 
RQ4: Qualitative attribution examples are 
provided; explanation fidelity, stability, and 
developer usefulness are not established. 
RQ5: Exploratory quality summaries are available, 
but mixed provenance prevents causal or validated 
quality claims. RQ6: No executable-patch 
validation results are available; applicability and 
behavior-preservation outcomes remain to be 
measured. 
 

6. Threats to validity 
6.1 Internal and construct validity 
Internal validity may be affected by noisy 
refactoring labels. Repository-mined refactorings 
are sometimes mixed with bug fixes, feature 
additions, formatting changes, or architectural 
updates. To reduce this threat, duplicate records, 
incomplete entries, and ambiguous low-
confidence instances were removed or manually 
reviewed. Nevertheless, label noise remains an 
important limitation because supervised models 
learn from the quality of the mined labels. 
The smell-refactoring mapping may also introduce 
bias. A single smell can often be resolved by several 
valid refactorings. Treating the task as single-label 
classification simplifies evaluation but does not 
fully capture real maintenance scenarios. Future 
work should extend the framework to multi-label 
and sequence-based recommendation. 
Construct validity requires distinguishing a mined 
label, a predicted operation type, an executable 
patch, and evidence about behavior. Agreement 
with a mined label does not show that a 
recommended patch is applicable or behavior 
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preserving. SHAP/LIME attributions and 
improved structural metrics do not establish 
semantic equivalence. The proposed validation 
protocol reduces this gap only when it is executed 
and its results are reported. 
 
6.2 External and conclusion validity 
External validity is limited by the use of Java-based 
object-oriented systems. Java has strong tooling 
support for refactoring mining and metric 
extraction, but the findings may not generalize 
directly to Python, C++, C#, JavaScript, Kotlin, or 
TypeScript. Repository-domain diversity may also 
influence generalizability if the selected projects 
are concentrated in specific domains such as 
libraries, frameworks, or developer tools. 
Conclusion validity is limited by class imbalance, 
unknown run-level variation, inconsistent 
aggregate metrics, and incomplete statistical 
provenance. The existing p-values cannot resolve 
these concerns without paired observations and a 
documented testing procedure. Project overlap or 
near-duplicate components across partitions could 
inflate performance; the current split description 
does not establish repository-disjoint evaluation. 
Behavior preservation remains unvalidated. 
Section 3.5 defines an operational validation gate, 
and Section 4.4 specifies how to measure its 
outcomes. Neither passing tests nor static checks 
proves equivalence for all executions. Missing 
tests, environmental failures, unsupported 
transformations, and manual choices must be 
reported explicitly. Until these experiments are 
completed, RABERT-RR is a candidate-type 
recommender rather than an automated 
refactoring engine. 
 
7. Conclusion and future work 
This paper presents RABERT-RR as an 
explainable candidate refactoring-type 
recommender combining CodeBERT 
representations with software metrics and inter-
metric relationships. Its explanations expose 
influential features; they are not correctness 
certificates. 
The manuscript reports an experiment on 11,072 
Java instances, including accuracy 0.913 and F1-

score 0.902. Inconsistencies between aggregate 
and per-class metrics require correction from saved 
predictions. Historical and estimated quality 
summaries cannot establish behavior-preserving 
improvement. Definitive effectiveness claims 
therefore await result reconciliation, executable-
patch evaluation, and release of the processed 
dataset and complete replication package. 
The immediate next study will execute the 
validation protocol, separate measured outcomes 
from estimates, and archive the artifacts specified 
in Section 4.5. Subsequent work can extend to 
repository-disjoint and cross-language evaluation, 
multiple valid labels, refactoring sequences, richer 
structural representations, and developer studies. 
These extensions should follow completion of the 
core validity and reproducibility requirements. 
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