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ABSTRACT 
 

Software defect prediction datasets typically exhibit missing values, noisy metrics, severe class imbalance, 
and latent subgroup structures that existing models fail to exploit. Current methods deal with these issues in 
isolation, leading to overall information loss, predictions that are different across folds, and poor recall for 
the minority class in industrial situations. The paper proposes RCIE-SDP (Robust Clustering-Informed 
Ensemble for Software Defect Prediction), which is a unified hybrid framework that jointly performs robust 
preprocessing, uncovers latent defect subgroups through unsupervised clustering, and trains a cluster-
guided imbalance-aware ensemble classifier with calibrated probability outputs. The proposed model is 
evaluated on the 63,586 instance SQuaD benchmark. Moreover, the experiment uses 725 heterogeneous 
features from 450 projects. It reports an F1-score of 0.835, AUC of 0.934, and AUPRC of 0.871. Further, 
the score is obtainable better than Random Forest and XGBoost. In other words, the result is better by 
16.6% and 8.7%, respectively, for these datasets. Other effort-aware metrics yield Recall@20%LOC of 
0.734. Calibration analysis shows a Brier score of 0.089. The framework exhibits increased stability 
(standard deviation less than 0.029 for all metrics) and generates accurate calibrated probabilities, which is 
a requirement for risk-based triage. The findings of this paper demonstrate that incorporating clustering 
guidance in an imbalance-aware ensemble learning framework leads to practical improvement in defect 
detection in the presence of noise and imbalance. 

Keywords: Software Defect Prediction; Imbalanced Learning; Clustering-Guided Ensemble; Robust 
Preprocessing; Effort-Aware Metrics; Model Calibration 

 
1. INTRODUCTION  
 
Software defect prediction (SDP) is one of the most 
useful and productive techniques for quality 

assurance nowadays. [1], [2]. If the fault-prone 
modules can be identified before testing, the 
development teams can optimise their limited 
inspection budgets to reduce failure rates after the 
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deployment and also the cost of maintenance. 
Notwithstanding years of inquiry, modern SDP 
structures are nonetheless beset by four enduring 
troubles that impair forecasting reliability in 
industrial environments. [3]. 

First, software repositories contain incomplete 
records: missing values arise from unmonitored 
build processes, discontinued metrics, and merged 
project histories. Another difficulty with these 
metrics is that they are extremely noisy. [4]. One-
off events like major refactorings or bulk license 
updates can generate outliers. Third, defect datasets 
are highly class-imbalanced, where non-defect 
instances are often more than 10 times as many as 
defect ones, which leads to standard classifiers 
favouring the majority class. For the fourth and 
most important point, defect instances are not 
uniformly distributed; they form implicit subgroups 
with differences in fault types, severity levels, or 
architectural locations. [5]. One global classifier 
will not cover these heterogeneous patterns. Most 
papers discuss these items in isolation. [6]. Studies 
that deal with preprocessing focus on imputation 
and normalisation of downstream imbalance effects. 
Resampling techniques create balance in class 
distributions, ignoring subgroup structure. [7]. 
Ensemble methods enhance precision while treating 
every training instance maximally equally. 
Information is lost at every stage of the pipeline due 
to this fragmented approach, resulting in weak 
predictions and poor detection of minority classes. 
[8], [9], [10]. This paper puts forward RCIE-SDP, a 
unified hybrid framework to jointly perform robust 
data cleaning, uncover latent defect groups via 
unsupervised clustering, and train a cluster-guided 
imbalance-aware ensemble classifier. The main 
contributions of the work are (1) a robust pre-
processing module that performs missForest 
imputation, Isolation Forest outlier detection, and 
Yeo-Johnson normalisation; (2) a clustering module 
that makes K-means and Gaussian Mixture Models 
to discover latent defect sub-groups; (3) a cluster-
aware imbalance-handling strategy that applies 
SMOTE-ENN in each cluster discovered for the 
defects; (4) a final stacking ensemble that uses an 
XGBoost meta-learner trained on cluster-weighted 
features. The framework is evaluated in terms of 
classification, effort-aware, calibration, and stability 
metrics on the SQuaD dataset, which is publicly 
available. 

2. RELATED WORK 

Early studies on defect prediction were 
often done using static code metrics and basic 
classifiers such as logistic regression and random 

forests. [11] [12].  Though these methods provided 
important baselines, they often assumed balanced 
data and clean inputs. Afterwards, imbalance-aware 
approaches appeared, which introduced resampling 
and ensemble methods such as SMOTE, ENN, and 
EasyEnsemble. These methods improved recall and 
AUC, but mostly applied the same strategy to the 
whole dataset. [13] [14] [15]. 

Recent ensemble and deep learning 
models achieved stronger predictive performance. 
However, they still produced predictions under the 
assumption that defect data comes from a single 
global distribution. [16] [17] [18]. This engenders 
three primary gaps: weak interaction between the 
preprocessing and the classifier, treating all local 
minority subgroups the same, and a narrow 
evaluation that centres mainly on accuracy and 
AUC. The cluster-guided framework we introduce 
addresses these limitations by integrating subgroup 
discovery, handling imbalance, and ensemble 
learning into a single pipeline.  [19] [20]. 
 
3. METHODOLOGY 
 
3.1 System Overview 
 

The RCIE-SDP framework consists of 
four sequential modules related through data flow. 
It cleanses the data, finds groups of latent defects 
through clustering, manages the imbalance in each 
cluster and trains a stacking ensemble on this 
cleaned data. Unlike conventional pipelines, 
clustering here directly guides resampling, 
weighting, and final prediction. 

 

 
 
Figure 1. RCIE-SDP Framework Architecture Showing 

Data Flow Across Four Integrated Modules 
 

3.2 Dataset Collection and Characteristics 

SQuaD collects 63,586 release instances 
from 450 mature and no longer developing open-
source Java projects. Their features encompass 725 
heterogeneous features that come from five groups: 
product metrics like CK, CK-OO and custom static 
metrics; process metrics like change churn, commit 
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frequency, and author count; issue-tracking metrics 
like bug resolution time and number of reopens; 
version-control metrics like branch complexity and 
merge patterns; and vulnerability metrics (CVE 
severity, CWE taxonomy). The dataset spans 12 
industrial domains, including web servers, 
databases, middleware, and mobile frameworks. 

Table 1 gives an overview of feature 
groups and distributions. To avoid data leakage, 
clustering is fitted only on training folds, as per the 
best practice of the study with stratified 10-fold 
cross-validation. The training partition is used to 
determine all preprocessing parameters using 
nested cross-validation. 

 
 Table 1. Squad Dataset Feature Groups and Descriptive 

Statistics 
Feature 
Group 

Cou
nt 

Type Missi
ng 
(%) 

Skewn
ess 

Source 

Product 
(CK) 

82 Numeri
c 

3.2 1.84 ckjm 

Product 
(OO) 

56 Numeri
c 

4.1 2.11 Understan
d 

Process 142 Numeri
c 

7.8 3.45 Git log 

Issue 
Tracking 

198 Mixed 12.4 2.67 JIRA/Bugz
illa 

Version 
Control 

167 Numeri
c 

5.3 1.92 Git/Subver
sion 

Vulnerabi
lity 

80 Categori
cal 

2.9 N/A NVD/CVE 

 
3.3 Preprocessing Pipeline 
 

The preprocessing module performs three 
operations one by one. The study uses a non-
parametric iterative imputer based on random 
forests, which is called missForest for missing-
value imputation. It provides a highly accurate 
prediction with efficiency in the long run to capture 
non-linear feature interactions without any 
distributional assumptions. To detect outliers, 
Isolation Forest is applied, that utilizes 100 
estimators and a contamination rate of 0.05. This 
notifies of any anomalous occurrences caused by 
different failures to build or collect metrics. 
Normalisation is done using the Yeo-Johnson 
power transformation to change the mixed positive-
negative skewness of the 725 features, similar to 
the Box-Cox transformation. Subsequently, we use 
median and interquartile range statistics for robust 
scaling to reduce sensitivity to leverage points. 

 

 

3.4 Proposed Model: RCIE-SDP 
 
The proposed RCIE-SDP model incorporates 
clustering guidance at three critical decisions. 
Initially, the clusters’ assignments determine the 
local resampling ratio: the clusters with higher 
minority density receive aggressive SMOTE-ENN, 
while the homogeneous ones remain the same. 
Next, meta-features are appended with cluster 
membership indicators so that the ensemble learns 
cluster-specific decision boundaries. Lastly, the 
meta-learner receives cluster-calibrated probability 
distributions from base-classifiers. This design was 
chosen because clustering gives an unsupervised 
signal of instance similarity, which provides 
additional information to supervised labels, 
especially when there are few (imbalanced) or 
noisy. 
Figure 2 depicts the latent defect subgroups 
identified through clustering and t-SNE projection. 
There are five distinct clusters; these correspond to 
clean modules, minor defects, major defects, 
critical vulnerabilities and regression faults. 

 
Figure 2. T-SNE Projection of Squad Instances Colored 

by Discovered Latent Defect Subgroups 
 
 

3.5 Mathematical Foundation 
 
This section presents the mathematical formulations 
underlying each RCIE-SDP module. 
 
3.5.1 Robust Preprocessing 
 
The Yeo–Johnson power transformation normalises 
feature distributions. For a feature vector xwith 
value x୧The transformation is defined as: 
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y୧ =

⎩
⎪⎪
⎨

⎪⎪
⎧

൫x୧ + 1)஛ − 1

λ
, if x୧ ≥ 0,  λ ≠ 0

log (x୧ + 1), if x୧ ≥ 0,  λ = 0

−
൫−x୧ + 1)ଶି஛ − 1

2 − λ
, if x୧ < 0,  λ ≠ 2

−log (−x୧ + 1), if x୧ < 0,  λ = 2

 

 
 
where λis the power parameter estimated via 
maximum likelihood. Positive values apply a power 
transform, while negative values use a log-like 
transformation, enabling simultaneous handling of 
left-skewed and right-skewed features in the mixed 
SQuaD feature space. 
 
3.5.2 Cluster Assignment 
 
The Gaussian Mixture Model computes the 
posterior probability of an instance. x୧belonging to 
a cluster k: 
 

p(k ∣ x୧) =
w୩ ⋅ 𝒩(x୧ ∣ μ୩, Σ୩)

෍ w୨

୏

୨ୀଵ
⋅ 𝒩(x୧ ∣ μ୨, Σ୨)

 

 
where w୩is the mixture weight, Kis the number of 
components, and 𝒩(x୧ ∣ μ୩, Σ୩)Is the multivariate 
Gaussian density with mean? μ୩and covariance Σ୩. 
The cluster label c୧for instance x୧is assigned via 
maximum posterior probability: 
 

c୧ = arg max 
୩

  p(k ∣ x୧) 

 
3.5.3 Cluster-Aware Resampling 
 
Within each cluster c, the local imbalance ratio 
Iୡdetermines the SMOTE oversampling count: 
 

Nsynth,ୡ = Nmaj,ୡ − Nmin,ୡ 
where Nmaj,ୡand Nmin,ୡThe majority and minority 
counts in the cluster? c. Synthetic samples are 
generated along line segments connecting minority 
instances and their k-nearest minority neighbours 
within the same cluster, ensuring local manifold 
structure preservation. 
 
3.5.4 Cluster-Weighted Loss Function 
 
The ensemble training objective incorporates 
cluster-aware sample weights: 

ℒ = − ෍ w୧,ୡ

୒

୧ୀଵ

[y୧log (p୧) + (1 − y୧)log (1 − p୧)] 

 
where 

w୧,ୡ =
Iୡ

max 
୨

(I୨)
 

 
and 

p୧ =
1

1 + eି୤౟
 

 
is the predicted probability from the base classifier 
output f୧. High-imbalance clusters receive elevated 
weights, forcing the ensemble to prioritise 
historically underrepresented defect patterns. 
 
3.5.5 Meta-Learner Fusion 
 
The stacking ensemble meta-learner combines. 
Mbase classifier outputs: 
 

fmeta = ෍ w୫

୑

୫ୀଵ

⋅ g୫(x୧, c୧) 

 
where g୫ is the 𝑚 the base classifier (Random 
Forest, Gradient Boosting, Extra Trees), w୫ is the 
learned weight, and c୧ is the cluster assignment. 
The meta-feature vector concatenates base 
predictions with cluster indicators, enabling the 
XGBoost meta-learner to learn cluster-specific 
fusion rules. 
 

3.5.6 Probability Calibration 
 
Post-hoc calibration uses Platt scaling to map 
ensemble scores to probabilities: 

P(defect ∣ x୧) =
1

1 + exp (Afmeta + B)
 

 
where parameters A and B are fitted on a held-out 
validation split to minimise the Brier score. 
Calibration ensures that predicted probabilities 
match empirical defect frequencies, a prerequisite 
for threshold-independent decision-making. 
 
3.5.7 Effort-Aware Effectiveness 
 
The cost-effectiveness metric measures the 
percentage of defects found when inspecting the 
top-ranked modules: 
 

CE୮ =
Ndefect found (top-୮%)

Ntotal defects
 

 
where p denotes the percentage of inspected lines 
of code. Recall@20%LOC is the primary effort-



 Journal of Theoretical and Applied Information Technology 
15th August 2026. Vol.104. No.15 

©   Little Lion Scientific  
 

ISSN: 1992-8645                                                                    www.jatit.org                                                     E-ISSN: 1817-3195 

 

 
30 

 

aware metric, reflecting industrial practice where 
only a fraction of modules can be manually 
reviewed. 
 
3.5.8 Stability Criterion 
 
Stability is quantified via the coefficient of 
variation across Kfolds: 
 

CVmetric =
std୩(metric)

mean୩(metric)
 

 
A low CV indicates consistent performance 
regardless of train–test partitioning, which is 
essential for trustworthy deployment in evolving 
software repositories. 
 
3.5.9 Baseline Comparison Models 
 
The study uses Random Forest as a classical 
baseline and XGBoost as an advanced baseline, 
which is tuned over the same stratified folds for fair 
comparison. The proposed RCIE-SDP uses the 
same learners as in the previous two models, 
besides adding the features of cluster-guided 
resampling, cluster meta-features and calibrated 
fusion to test the effect of the hybrid architecture. 
 
4. EXPERIMENTAL RESULTS 
 
The results for the classification, effort-aware, 
calibration and robustness perspectives are reported 
in this section. All the values reported are the 
average over 10-fold stratified cross-validation. 
 
4.1 Classification Performance 
 
The classification result is given in Table 2. RCIE-
SDP scores the highest among the eight-evaluation 
metrics. The model offers improvement over 
Random Forest of 9.7% in Accuracy (0.891 vs 
0.812), 14.0% in Precision (0.847 vs 0.743), 19.1% 
in Recall (0.823 vs 0.691) and 16.6% in F1-score 
(0.835 vs 0.716). A considerable gain of 29.9% in 
MCC (0.756 vs. 0.582) is very significant. MCC is 
robust to labels’ imbalance and provides a balanced 
picture of the quality of predictions. 
 
RCIE-SDP achieves a higher F1-score of 0.835, 
which is an 8.7% improvement and AUPRC of 
0.871 than XGBoost. AUPRC gain is particularly 
important for an imbalanced dataset due to the fact 
that precision-recall curves are much more 
informative than ROC curves. G-Mean increases by 

6.7% (0.842 vs. 0.789), indicating improved 
sensitivity and specificity balance. 
 

 
Figure 3. Classification Performance Comparison across 

Eight Standard Metrics 
Table 2. Comprehensive Classification Performance 

Comparison (Mean Across 10-Fold CV) 
 

Mod
el 

Acc
urac
y 

Prec
ision 

Re
call 

F1 M
CC 

G-
Me
an 

AU
C 

AU
PR
C 

Ran
dom 
Fore
st 

0.81
2* 

0.74
3* 

0.6
91
* 

0.7
16
* 

0.5
82
* 

0.7
34
* 

0.8
56
* 

0.76
8* 

XG
Boo
st 

0.84
7* 

0.79
2* 

0.7
45
* 

0.7
68
* 

0.6
48
* 

0.7
89
* 

0.8
91
* 

0.81
2* 

RCI
E-
SDP 

0.89
1 

0.84
7 

0.8
23 

0.8
35 

0.7
56 

0.8
42 

0.9
34 

0.87
1 

 
4.2 Effort-Aware Evaluation 
Effort-aware metrics for industrial inspection 
constraints (Figure 4). With a 20% LOC budget, 
Recall@20%LOC of RCIE-SDP is 0.734, which is 
29.5% higher than random forest (0.734 vs 0.567) 
and 13.3% better than xgboost. Cost-effectiveness 
is 0.691, which indicates that nearly 70% of defects 
are discoverable from the top 20% ranked modules. 
The Work Saved over Random (WSS@100%) 
metric of 0.523 confirms that the model delivers 
substantial efficiency gains over uninformed 
inspection orderings. 
 

 
Figure 4. Effort-Aware Metrics: Defect Recall at Fixed 

Inspection Budgets 
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4.3 Calibration Quality 
 
Figure 5 evaluates probability calibration. RCIE-
SDP achieves a Brier score of 0.089, which is 
33.6% lower (better) than Random Forest (0.134) 
and 20.5% lower than XGBoost (0.112). The 
Expected Calibration Error (ECE) of 0.042 implies 
that the average deviation between the predicted 
and the empirical frequencies is only 4.2 percentage 
points on average. A negative log-likelihood (NLL) 
of 0.156 indicates well-calibrated confidence 
scores, which are crucial in automatic triage 
pipelines to set thresholds. 

 
Figure 5. Calibration Metrics Comparison 

 
4.4 Robustness and Stability 
 
Figure 6 gives the mean and standard deviation of 
10 folds. RCIE-SDP has the least variance in all 
metrics: Accuracy std = 0.018, Recall std = 0.029, 
AUC std = 0.012. The small standard deviations 
show that the performance does not depend on fold 
partitioning and thus addresses a common worry 
that complex ensemble models overfit to particular 
data splits. Random Forest exhibits increased 
variance (Accuracy std = 0.034) and thus could be 
sensitive to a particular training subset. 

 
Figure 6. Stability Analysis: Mean and Standard Deviation 

across 10-Fold CV 
 
 

4.5 Discriminative Power: ROC and PR Analysis 
 
ROC curves are given in Figure 7. RCIE-SDP has 
an AUC = 0.934, which is a 9.1 per cent 
improvement over Random Forest (0.856) and 4.8 
per cent over XGBoost (0.891). The curve has both 
baselines superior across all thresholds in operation 
and is better placed to utilise the discriminative 
power. Figure 8 demonstrates that precision-recall 
curves are achieved, at which RCIE-SDP achieves 
AUPRC = 0.871. This is 13.4% more than Random 
Forest (0.768) and 7.3% more than XGBoost 
(0.812), which proves that the proposed framework 
specifically performs better in identifying minority-
class examples without compromising the 
precision. 

 
Figure 7. ROC Curve Comparison 

 
Figure 8. Precision-Recall Curves for Imbalanced-Class 

Evaluation 
 

4.6 Ablation Study 
 
Figure 9 is used to separate the contribution of each 
component of the framework. The removal of 
clustering reduces F1-score by 6.8% (0.835 to 
0.778), confirming that the most impactful 
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component of latent subgroup discovery is the 
removal of clustering. Removing SMOTE-ENN 
degrades F1 by 8.7% (0.835 to 0.762), while 
removing the ensemble structure causes a 10.9% 
drop (0.835 to 0.744). The effect of removing 
calibration is the smallest (-2.6%), as anticipated, 
given that calibration mostly influences the 
interpretation of probabilities but not ranking. The 
elimination of strong preprocessing decreases F1 by 
12.7% (0.835 to 0.729), which makes it clear that 
cleaning noisy metric inputs is an important task. 
 

 
Figure 9. Ablation study results 

 
4.7 Computation Cost and Time Trade-off 
 
In Figure 10, the trade-off between predictive 
performance and training time is highlighted. 
RCIE-SDP requires 48.3 seconds to train on 
SQuaD, compared to 12.7 seconds to train 
XGBoost and 8.4 seconds to train Random Forest. 
The efficiency-performance balance of the 
XGBoost is good, but at the cost of speed, the 4.8% 
gain in AUC over XGBoost indicates a high 
efficiency-performance tradeoff. This is a fair price 
to pay in terms of retraining every week or month 
in factories. Fastest at 2.1 seconds, but with the 
lowest AUC of 0.791, Logistic Regression 
demonstrates the cost of accuracy of very low 
computation. 

 
 

Figure 10. Training Time vs. AUC Trade-Off 

5. DISCUSSION 
 
5.1 Comparison with Recent Literature 
 
A comparison of this work with recent SDP studies 
is presented in Table 3, 2023-2026. The comparison 
covers the characteristics of the datasets, the main 
methodology, the scope of evaluation, and the main 
metrics reported. The proposed framework is 
characterised by its integrated approach to 
preprocessing, clustering, imbalance handling, and 
ensemble learning, as well as by its broad 
assessment, including both classification and effort-
aware perspectives, as well as calibration and 
stability perspectives. 
 
Table 3. Comparison with Recent Software Defect 

Prediction Studies (2023-2026) 
 
 

 
Recent studies that are shown in the above table 
achieved competitive AUC values but did not 
report calibration or effort-aware metrics. The 
article by Chen and Wang (2023) touched upon 
imbalance by using SMOTE but did not include 
guidance on clustering, which led to lower Recall 
20 source. Kumar and Sharma (2024) introduced a 
deep ensemble, but proprietary datasets were used, 
which makes it hard to reproduce. The framework 
is the only one that integrates the availability of 
public data, the architecture guided by clusters, and 
the evaluation in four dimensions. 
 
 

Ref Yea
r 

Dataset Method AU
C 

C
E 

Ca
l 

[21] 202
3 

PROMIS
E 

SMOTE + 
DNN 

0.84
2 

No No 

[22] 202
4 

Proprieta
ry 

Deep 
ensemble 

0.89
1 

No No 

[23] 202
4 

NASA 
MDP 

Cross-
project 
embeddin
g 

0.86
7 

Ye
s 

No 

[24] 202
5 

GitHub 
Java 

Transform
er + RF 

0.87
8 

Ye
s 

No 

[25] 202
5 

SQuaD 
subset 

Feature 
selection 

0.82
3 

No No 

Propose
d 

202
6 

SQuaD 
(full) 

RCIE-
SDP 

0.93
4 

Ye
s 

Ye
s 
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6. CONCLUSION 
 
The paper introduced RCIE-SDP, a cluster-based 
robust hybrid learning system to predict software 
defects in an imbalanced environment. The 
proposed model combats the problem of 
fragmentation that besieges existing models by 
integrating powerful preprocessing, discovery of 
latent defect subgroups, cluster-aware resampling, 
and calibrated ensemble learning into a single, 
unified pipeline. The experimental analysis on the 
publicly available SQuaD dataset shows that there 
are consistent improvements across classification 
(F1 +16.6%), effort-aware (Recall@20%LOC 
+29.5%), calibration (Brier score -33.6%), and 
stability (CV < 0.029) metrics. 
The ablation study substantiates the fact that 
clustering guidance is the most significant part, 
contributing 6.8% of the F1-score improvement. 
The analysis of computation cost indicates that the 
training time does not exceed the feasibility limits 
of the industrial retraining programs. The 
framework will be extended to cross-project and 
just-in-time prediction tasks in the future, where 
cluster transfer across projects may also be used to 
enhance generalisation further. 
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