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Abstract: Software Defect Prediction (SDP) aims to identify defective modules eatly in the software
development lifecycle to improve software quality and reduce maintenance costs. However, SDP da-
tasets commonly suffer from high dimensionality, feature redundancy, and class imbalance, which can
degrade model performance and stability. This study proposes a hybrid feature selection framework to
address these challenges and enhance prediction performance. The proposed approach integrates
Combined Cotrelation and Mutual Information (CONMI), which combines the Pearson Correlation
Cocfficient (PCC) and Mutual Information (MI) to capture both linear and nonlinear feature relevance.
The selected features are further refined through Top-K selection, correlation-based filtering to reduce
multicollinearity, and Backward Elimination (BE) to obtain an optimal feature subset. To address class
imbalance, SMOTE-Tomek is applied by combining over-sampling and data cleaning techniques. Ex-
periments are conducted on twelve NASA MDP datasets using Logistic Regression (LR) and Naive
Bayes (NB) classifiers. The results show that the proposed framework consistently achieves the best
performance, with Logistic Regression combined with SMOTE-Tomek obtaining the highest average
AUC of 0.7923 * 0.0714, while NB achieves 0.7554 £ 0.0580. Statistical analysis using a paired t-test
indicates that the proposed method significantly outperforms MI+SMOTE-Tomek and BE+SMOTE-
Tomek for Logistic Regression, whereas no significant differences are observed for NB. In addition to
improving overall classification performance (AUC), the proposed approach also enhances minority
class detection, as reflected in improved Recall and F1-score. Overall, the proposed hybrid framework
provides an effective and reliable solution for software defect prediction, particulatly for high-dimen-
sional and imbalanced datasets.

Keywords: Backward Elimination; Class Imbalance; Feature Selection; Logistic Regression; Mutual
Information; Naive Bayes; Software Defect Prediction; SMOTE-Tomek.

1. Introduction

Software defects remain one of the most persistent challenges in software engineering,
as undetected faults can propagate throughout the development lifecycle and ultimately result
in system failures, increased maintenance costs, and reduced reliability. Software Defect Pre-
diction (SDP) addresses this challenge by identifying defect-prone modules eatly in the de-
velopment process, enabling development teams to allocate testing resources more effectively
and reduce post-deployment correction costs [1]. Empirical evidence consistently shows that
defects detected after release incur substantially higher remediation costs than those identified
during earlier stages [2], highlighting the practical importance of accurate and efficient pre-
diction methods [3].

Machine learning has become a dominant paradigm in SDP due to its ability to model
complex and nonlinear relationships between software metrics and defect outcomes [4], [5].
Although advanced models such as Random Forest, XGBoost, and deep learning architec-
tures have demonstrated strong performance in various domains, their application to SDP
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presents several limitations. These models typically require large training datasets, offer lim-
ited interpretability, and incur higher computational costs—characteristics that are often mis-
aligned with SDP datasets, which are generally small, high-dimensional, and imbalanced [6].
In contrast, Naive Bayes (NB) and Logistic Regression (LR) remain well-suited for such con-
ditions. NB efficiently handles high-dimensional data through its conditional independence
assumption, while LR provides interpretable probabilistic outputs, allowing insights into the
contribution of software metrics such as coupling and complexity [7]—[9]. Therefore, NB and
LR are not merely baseline models but represent appropriate and practically relevant classifi-
ers for SDP tasks.

In addition to high dimensionality and feature redundancy, SDP datasets commonly ex-
hibit class imbalance, where defective modules are significantly outnumbered by non-defec-
tive ones [10]. This imbalance often leads to biased models that favor the majority class, re-
sulting in poor detection of defective modules and degraded performance in Recall and F1-
score. To address this issue, hybrid resampling techniques combining over-sampling and data
cleaning strategies have been widely adopted. One commonly used approach is SMOTE-
Tomek, which integrates the Synthetic Minority Over-sampling Technique (SMOTE) and
Tomek Links. This method balances the dataset by generating synthetic minority samples
while removing overlapping or ambiguous instances, thereby improving classification perfor-
mance and minority class detection [11]. Prior studies have demonstrated that SMOTE-
Tomek effectively reduces bias and enhances classification performance while maintaining
overall model stability [12].

Despite advances in classification and data balancing, the effectiveness of SDP models
remains highly dependent on feature quality. SDP datasets typically contain high-dimensional
feature spaces with redundant, irrelevant, or highly correlated attributes, which increase model
complexity and degrade generalization performance [13]. Multicollinearity is particularly
problematic for LR, as correlated features distort coefficient estimates and reduce interpreta-
bility [14], [15]. Therefore, feature selection is not merely a preprocessing step but a critical
component for improving model reliability and stability.

Feature selection techniques are generally categorized into filter, wrapper, and embedded
methods [16], [17]. Wrapper methods such as Backward Elimination evaluate feature subsets
using a target classifier and can produce highly optimized selections. However, they rely on
sequential elimination, where removed features cannot be reconsidered, potentially leading to
suboptimal subsets, especially in high-dimensional settings [18], [19]. Consequently, relying
solely on wrapper-based methods is insufficient when the feature space contains significant
redundancy and multicollinearity.

Filter-based methods provide a complementary approach due to their computational
efficiency and model independence. Among these, Pearson Correlation Coefficient (PCC)
and Mutual Information (MI) are widely used in SDP. PCC measures linear relationships be-
tween features and the target variable, offering a simple and interpretable relevance criterion
[20]. In contrast, MI captures general statistical dependencies, including nonlinear relation-
ships that PCC cannot detect [21], [22]. However, each method has limitations when used
independently: PCC may overlook nonlinear relevance, while MI may be sensitive to noise
and redundancy. Combining PCC and MI therefore enables a more comprehensive evaluation
of feature relevance, capturing both linear and nonlinear dependencies within a unified frame-
work.

Several studies have explored hybrid and multi-filter feature selection approaches for
SDP and related domains, demonstrating that combining complementary feature evaluation
strategies can improve robustness and generalization performance [23]-[30]. In addition,
prior work has shown that integrating sampling techniques such as SMOTE-Tomek can en-
hance classification stability and minority class detection in imbalanced datasets [12], [31],
[32]. However, these approaches are typically applied in isolation or lack a structured integra-
tion within a unified pipeline.

Despite these advancements, several limitations remain. First, many multi-filter ap-
proaches focus primarily on feature ranking without explicitly addressing multicollinearity
among selected features. Second, methods relying on linear correlation alone may fail to cap-
ture nonlinear dependencies. Third, the integration of multi-filter selection with wrapper-
based refinement remains limited, particularly in ensuring feature subset stability across di-
verse datasets. Finally, although imbalance handling techniques are widely used, they are often
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applied independently from feature selection, lacking a unified framework that simultaneously
considers feature relevance, redundancy reduction, and class imbalance.

To address these limitations, this study proposes a structured multi-filter feature selec-
tion framework termed Combined Correlation and Mutual Information (CONMI). CONMI
integrates PCC and MI through an equal-weight combination to capture both linear and non-
linear feature relevance. The selected features are further refined using a Top-K strategy, fol-
lowed by correlation-based filtering to reduce multicollinearity, and Backward Elimination to
obtain an optimal feature subset. In addition, SMOTE-Tomek is incorporated to handle class
imbalance prior to model training. This integrated pipeline ensures that the selected features
are relevant, non-redundant, and stable, while also improving classification performance in
imbalanced scenatios.

The proposed framework is evaluated using NB and LR classifiers on NASA Metrics
Data Program (NASA MDP) datasets. Performance is assessed using AUC, Precision, Recall,
and Fl-score, along with statistical significance testing to validate the observed improve-
ments. The main contributions of this study are summarized as follows::

e A CONMI-based multi-filter feature selection framework that captures both linear and
nonlinear feature relevance in SDP.

e Integration of SMOTE-Tomek with structured feature selection to address class imbal-
ance.

e A hybrid feature selection pipeline combining filter and wrapper methods for improved
feature subset quality.

e  Comprehensive evaluation using NB and LR across multiple datasets.

e  Performance validation using multiple evaluation metrics and statistical significance test-
ing.

The remainder of this paper is organized as follows. Section 2 reviews related work in
SDP, feature selection, and imbalance handling. Section 3 describes the proposed CONMI-
based framework and experimental setup. Section 4 presents the experimental results and
discussion. Section 5 compares the proposed method with existing approaches. Finally, Sec-
tion 6 concludes the study and outlines directions for future work.

2. Related Works

Softwatre Defect Prediction (SDP) has received considerable attention due to its role in
identifying defect-prone modules eatly in the software development lifecycle, thereby reduc-
ing development costs and improving software quality. Machine learning techniques have
been widely adopted in this domain due to their effectiveness in classification tasks. Among
these, NB and LR remain prominent because of their simplicity, computational efficiency,
and consistent performance on SDP datasets [33], [34]. For example, Oueslati and Manita
[35] demonstrated that LR optimized with Fractional Chaotic Grey Wolf Optimizer
(FCGWO), combined with SMOTE-based class balancing and cross-validation on NASA
MDP datasets, achieves notable performance improvements. This reinforces that classical
classifiers remain competitive and practically relevant when appropriately configured.

Handling class imbalance is another critical aspect in SDP. Hybrid resampling techniques
that combine over-sampling and data cleaning have been shown to improve classification
performance. Zhang et al. [31] applied SMOTE-Tomek to address imbalance in SDP datasets,
achieving improved stability and generalization across NASA and PROMISE datasets. Simi-
larly, Swana et al. [12] reported that SMOTE combined with Tomek Links reduces noise and
overlapping samples, thereby enhancing classification performance. These studies confirm
that SMOTE-Tomek is an effective strategy for improving minority class detection while
maintaining overall model stability.

Beyond classifier selection and data balancing, feature selection plays a central role in
SDP performance, as irrelevant and redundant features can degrade model accuracy and in-
crease complexity [13]. Eatly feature selection approaches relied primarily on single filter
methods, particularly linear correlation metrics, due to their simplicity and efficiency. How-
ever, their inability to capture nonlinear feature-target relationships limits their effectiveness
[20], [21]. To address these limitations, hybrid feature selection approaches have been pro-
posed by combining complementary techniques. For instance, Rahmayanti et al. [24] inte-
grated Mutual Information (MI) with Recursive Feature Elimination (RFE) to capture non-
linear dependencies while refining feature subsets iteratively. Noor et al. [25] combined
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correlation-based filtering with Backward Elimination to reduce irrelevant features before
wrapper-based optimization. These approaches demonstrate that combining filter and wrap-
per methods can improve performance compared to single-method strategies.

More recently, multi-filter and ensemble-based frameworks have been introduced to en-
hance feature selection robustness. Balogun et al. [23] proposed Rank Aggregation-Based
Multi-Filter Feature Selection (RMFES), which aggregates rankings from multiple filter
methods to reduce redundancy, and later introduced Enhanced Wrapper Feature Selection
(EWES) [20] to integrate multiple evaluation criteria. Rahman et al. [27] further explored
weighted aggregation of correlation-based techniques to improve robustness in noisy and
high-dimensional datasets, while Pratama et al. [28] demonstrated that combining statistical
filters with wrapper methods effectively reduces noisy attributes. In related domains, Akazue
et al. [29] and Asuai et al. [30] also showed that combining multiple feature evaluation strate-
gies leads to more robust and generalisable feature subsets.

Despite these advancements, several limitations remain. First, many approaches relying
on linear correlation metrics may overlook features with nonlinear relevance, leading to in-
complete feature representation [25], [26]. Second, although multi-filter frameworks improve
feature ranking, they often do not explicitly addtress multicollineatity among selected features,
which is particularly problematic for LR, as correlated predictors distort coefficient estimates
and reduce interpretability [14], [15] . Thitd, the integration of multi-filter selection with wrap-
pet-based refinement remains limited, especially in ensuring feature subset stability across
different SDP datasets [25]. Finally, although class imbalance handling techniques such as
SMOTE-Tomek have been widely used, they are often applied independently from feature
selection, without a unified framework that simultaneously considers feature relevance, re-
dundancy reduction, and imbalance handling [31].

These limitations indicate the need for a more structured and integrated approach. In
particular, there is a lack of frameworks that simultaneously: (1) capture both linear and non-
linear feature relevance, (2) explicitly mitigate multicollinearity, (3) integrate multi-filter selec-
tion with wrapper-based refinement, and (4) incorporate imbalance handling within a unified
pipeline. Addressing these aspects collectively is essential for improving model stability and
prediction performance in SDP. To address these gaps, this study proposes CONMI, a struc-
tured multi-filter feature selection framework. CONMI integrates PCC and MI to capture
both linear and nonlinear feature-target relationships within a unified relevance measure. Cor-
relation-based filtering is then applied to reduce multicollinearity, followed by Backward
Elimination to refine the feature subset. In addition, SMOTE-Tomek is incorporated prior
to model training to address class imbalance. This integrated design enables the proposed
framework to simultaneously address feature relevance, redundancy, and imbalance, which
are typically handled separately in existing approaches. Furthermore, NB and LR are adopted
as reference classifiers due to their demonstrated effectiveness and stability on NASA MDP
datasets [23], [34], [35], allowing a fair and practical evaluation of the proposed framework
under realistic SDP conditions..

3. Proposed Method

This study proposes CONMI, a structured multi-filter feature selection framework de-
signed to improve SDP performance. As illustrated in Figure 1, the framework consists of
five sequential stages: (1) data preprocessing, (2) multi-filter feature scoring, (3) correlation-
based multicollinearity filtering, (4) wrapper-based refinement using Backward Elimination,
and (5) class imbalance handling using SMOTE-Tomek. The pipeline operates on NASA
MDP datasets and produces an optimized feature subset, which is subsequently evaluated
using NB and LR under Stratified 10-Fold Cross Validation.

In the multi-filter stage, PCC and MI scores are computed independently for each fea-
ture, normalized to a common scale, and combined using an equal-weight averaging scheme
to produce the CONMI relevance score. Top-K features are then selected to reduce dimen-
sionality. Subsequently, correlation-based filtering is applied to suppress multicollinearity
among the selected features, followed by Backward Elimination to refine the subset based on
classifier performance. To address class imbalance, SMOTE-Tomek is applied within each
training fold prior to model training. Model performance is evaluated using Area Under the
Curve (AUC), Precision, Recall, and F1-score, with statistical significance testing applied to
validate the observed improvements.
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Figure 1. Proposed CONMI framework pipeline.

This study utilizes datasets from the NASA Metrics Data Program (NASA MDP), which
are widely used benchmarks in SDP research. These datasets contain software mettics such
as Lines of Code (LOC), Cyclomatic Complexity, and Code Churn, representing characteris-
tics of software modules. Each instance corresponds to a module labeled as defective or non-
defective, forming a binary classification problem. A total of twelve datasets are used: CM1,
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JM1, KC1, KC3, MC1, MC2, MW1, PC1, PC2, PC3, PC4, and PC5. These datasets are se-
lected due to their diversity and widespread use in prior SDP studies. However, they present
common challenges, including class imbalance and the presence of noisy or redundant fea-
tures, which motivate the need for preprocessing and feature selection. A summary of dataset
characteristics is provided in Table 1.

Table 1. NASA MDP dataset specifications

Dataset Attributes Instances Non-Defects Defects Defective (%)
CM1 38 327 285 42 12.8
M1 22 7720 6108 1612 20.9
KC1 22 1162 868 294 253
KC3 40 194 158 36 18.6
MC1 39 1952 1916 36 1.8
MC2 40 124 80 44 355
MW1 38 250 225 25 10.0
PC1 38 679 624 55 8.1
PC2 37 722 706 16 2.2
PC3 38 1053 923 130 12.3
PC4 38 1270 1094 176 13.9
PC5 39 1694 1236 458 27.0

3.2. Preprocessing

A preprocessing stage is performed to prepare the datasets prior to feature selection and
classification. First, label encoding is applied to convert class labels into binary numerical
values. Next, feature scaling is performed using standardization to ensure that each feature
has zero mean and unit variance. This step is particularly important for LR to prevent features
with larger magnitudes from dominating the learning process. Standardization is defined as:

! X - M

X' =— M

where x is the original feature value, y is the mean, and o is the standard deviation. The
scaling parameters are estimated from the training data and applied to the test data within
each fold to avoid data leakage.

3.3. Mutual Information (MI)

MI is used to measure the statistical dependency between a feature and the target varia-
ble. It is defined as:

p(x,y)

I(X;Y) = Z x,y)lo
X:Y) =) pxy) gp(x)p(y) @
where p(x,y) is the joint probability distribution, and p(x) and p(y) ate marginal probabil-
ities.
In this study, MI is estimated using a nonparametric k-nearest neighbor approach, which
avoids explicit density estimation and captures nonlinear dependencies. For each feature Xj,

the MI score is computed and normalized:

MI(j)

MI() + € )

MInorm(j) =

where € = 1072 ensures numerical stability. This normalization constrains MI values to the
range (0,1], allowing consistent integration with PCC.

3.4. Pearson Cotrrelation Coefficient (PCC)

PCC measures the linear relationship between a feature and the target variable and is
defined as:
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For each feature Xj, the correlation score is computed as:
PCC() = |r(X;, )] ®)

The absolute value ensures that both positive and negative relationships ate treated equally.

While MI captures nonlinear dependencies, PCC provides a precise estimation of linear
relationships. Their combination enables a more comprehensive evaluation of feature rele-
vance, which forms the basis of the CONMI scoring mechanism.

3.5. Combined Correlation and Mutual Information (CONMI)

This study adopts CONMI to integrate linear and nonlinear feature relevance into a uni-
fied scoring mechanism. The CONMI score combines PCC and MI as follows:

CONMI(j) = a - PCC(j) + (1 — @) - MIyormjy ©)

where PCC(j) = |T(X~,y)| and MIporm(jy denotes the normalized MI score.

In this study, equal weighting (x=0.5) is applied to ensure balanced contributions from
both linear and nonlinear dependency measures. This design is conceptually grounded in the
complementary nature of PCC and MI. PCC provides precise estimation of linear relation-
ships, while MI captures general statistical dependencies independent of functional form.
Since no prior assumption is made regarding the dominance of either type of dependency,
equal weighting avoids introducing bias and ensures a balanced evaluation of feature rele-
vance. This approach is consistent with prior studies that integrate PCC and MI as comple-
mentary measures [36], [37].

The CONMI score is computed independently for each feature and used to rank features
in descending order. PCC does not require additional normalization since it is inhetrently
bounded within [0,1], ensuting compatibility with normalized MI values. After ranking, Top-
K features are selected based on dataset dimensionality:

e Datasets with fewer than 30 features: Top-15
e Datasets with more than 30 features: Top-25

These thresholds balance dimensionality reduction and information retention. For da-
tasets with limited features (e.g., JM1, KC1), selecting Top-15 preserves most informative
attributes while reducing redundancy. Although empirically determined for NASA MDP da-
tasets, this strategy is adaptable by adjusting K relative to dataset size. Similar Top-K selection
strategies have been applied in prior MI-based feature selection studies [24].

3.6. Highly Correlated Attribute Filtering

To reduce redundancy, correlation-based filtering is applied to the selected features. A
pairwise correlation matrix is computed, and feature pairs exceeding a threshold of 0.99 are
identified. For each highly correlated pair:

e The feature with the lower CONMI score is removed
e  The feature with the higher score is retained

This step reduces multicollinearity while preserving the most informative features, im-
proving model stability and enhancing the effectiveness of subsequent wrapper-based refine-
ment.

3.7. Backward Elimination

Backward Elimination is applied as a wrapper-based refinement step using LR as the
evaluation model. The model is optimized using a quasi-Newton method (BFGS) with a max-
imum of 300 iterations. Feature significance is assessed using p-values, and features with p-
values greater than 0.05 are iteratively removed until all remaining features satisfy the signifi-
cance criterion. To ensure robustness, fallback strategies are applied in cases of numerical
instability, including:
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e  removing highly correlated features
e  removing low-variance features

3.8. Stratified 10-Fold Cross-Validation

To ensure reliable evaluation and reduce overfitting, Stratified 10-Fold Cross-Validation
is employed. This approach preserves class distribution in each fold, which is essential for
imbalanced SDP datasets. The dataset is partitioned into 10 folds, where 9 folds are used for
training, 1 fold is used for testing. This process is repeated ten times, and final performance
is reported as the average across all folds. Feature selection (CONMLI, filtering, and Backward
Elimination) is performed exclusively on the training data within each fold. The resulting
feature subset is then applied to the corresponding test fold to prevent data leakage.

3.9. SMOTE-Tomek

To address class imbalance, SMOTE-Tomek is applied to the training data within each
fold. This method combines SMOTE for synthetic sample generation and Tomek Links for
noise removal. SMOTE generates synthetic samples as follows:

Xnew = Xi + A(Xn - Xi) (7)

whete x; is a minority instance, X, is one of its neatrest neighbors, and A1 € [0,1] is a ran-
dom interpolation factor. Tomek Links are subsequently used to remove overlapping majority
class instances, thereby improving class separability.

The configuration used is summarized in Table 2 :

Table 2. SMOTE-Tomek configuration

Parameter Value
SMOTE k_neighbors 5

Tomek Links Default
Random state 42

SMOTE-Tomek is applied strictly to the training fold after data splitting to prevent data
leakage. The test fold contains only original instances, ensuring unbiased evaluation.

3.10. Classification

After obtaining the optimized feature subset, SMOTE-Tomek is applied to the training
data, followed by classification using NB and LR within each cross-validation fold.
3.10.1. Naive Bayes (NB)
NB is a probabilistic classifier based on Bayes’ theorem:
P(B|A) P (4)
/" M7 8
P(A|B) P(B) ®)

Gaussian NB is used due to the continuous nature of software metrics.

Table 3. Naive Bayes Configuration

Parameter Value
Classifier Gaussian NB
Parameters Default

3.10.2. Logistic Regression (LR)

LR models the relationship between input features and a binary outcome:
Z=ﬂ0+ﬁ1X1+ﬁ2X2+...+ﬁan (9)

LR produces probabilistic outputs and interpretable coefficients, making it suitable for
SDP.
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Table 4. Logistic regression configuration

Parameter Value
Solver Default
Penalty 1.2

Max iterations 1000
Random state 42

LR is also used in Backward Elimination for feature significance evaluation.

3.11. Performance Evaluation
Model performance is evaluated using multiple complementary metrics to provide a
comprehensive assessment under class imbalance conditions.
e AUC measures overall discrimination capability
e  Precision evaluates prediction accuracy for defective modules
e Recall measures the ability to detect actual defective modules
e  Fl-score provides a balanced measure of Precision and Recall

All metrics are computed for each fold and reported as mean * standard deviation. To
validate robustness, statistical significance testing is conducted using paired tests across folds,
ensuring that observed differences are not due to random variation.

4. Results and Discussion

This section presents the experimental results and analysis of the proposed feature se-
lection framework. Experiments were conducted on twelve NASA MDP datasets, including
JM1, PC1, KC1, MC1, PC5, MW1, KC3, CM1, PC2, PC3, PC4, and MC2. The evaluation
was performed using NB and LR under Stratified 10-Fold Cross Validation. Performance was
assessed using AUC, along with Precision, Recall, and F1-score to provide a comprehensive
evaluation.

4.1. Experimental Environment

All experiments were conducted in a Python-based environment on a cloud-based note-
book platform to ensure reproducibility and consistent execution. To ensure fair compatison,
all feature selection methods were evaluated under identical experimental settings. The eval-
uated methods include:

e Baseline (no feature selection),

e PCC (Top-K based on PCC),

e MI (Top-K based on MI),

e  BE (applied directly),

e CONMI+TopK, and

e  CONMI+TopK+BE (proposed method).

All methods were evaluated using Stratified 10-Fold Cross Validation with NB and LR.
LR was configured with a maximum of 1000 iterations and L2 regularization, while NB used
Gaussian assumptions with default parameters. The CONMI score employed equal weighting
(@=0.5), and Top-K selection used K=15 (features <30) and K=25 otherwise. Backward
Elimination used a significance threshold of 0.05 with a maximum of 300 iterations. SMOTE-
Tomek was applied within each training fold using k=5 and random state = 42. All experi-
ments used a fixed random seed (42) to ensure reproducibility.

4.2. Experimental Results

Table 5 presents the per-dataset results of the proposed CONMI+TopK+BE method
without SMOTE-Tomek, while Table 6 reports the corresponding results with SMOTE-
Tomek. All results are reported as mean F standard deviation (SD) over Stratified 10-Fold
Cross Validation for both NB and LR.

From Table 5, LR generally achieves higher AUC values than NB across most datasets.
For example, LR outperforms NB on PC1 (0.8697 vs 0.7818), PC2 (0.8807 vs 0.8189), PC3
(0.8241 vs 0.7930), and PC4 (0.9025 vs 0.7920). This indicates that the proposed feature
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selection framework is particularly beneficial for LR, which is sensitive to feature redundancy
and multicollinearity. However, despite achieving higher AUC, LR consistently produces
lower Recall compared to NB. For instance, in PC3, NB achieves a Recall of 0.5538 compared
to 0.1308 for LR, while in MW 1, NB achieves 0.5000 and LR only 0.1333. This suggests that
LR tends to produce more conservative predictions, prioritizing overall discrimination over
minority class detection.

Table 5. Per-Dataset Results of CONMI+TopK+BE Without SMOTE-Tomek (Mean £ SD, 10-

fold CV)
Dataset Classifier AUC F1 Precision Recall
M1 NB 0.6282 £ 0.0210 0.2867 + 0.0332 0.4800 £ 0.0472 0.2047 + 0.0265
LR 0.6916 £ 0.0186 0.1745 + 0.0304 0.5639 £ 0.0823 0.1036 + 0.0197
PC1 NB 0.7818+0.1304  0.3512+£0.1774  0.3152+0.1391  0.4167+0.2518
LR 0.8697£0.0709  0.2710£0.1794  0.4750%0.2839  0.203310.1616
KC1 NB 0.6870£0.0627  0.216410.0944  0.5799£0.1710  0.136310.0653
LR 0.696810.0705  0.1581+0.0718  0.6433£0.2660  0.0920£0.0462
MC1 NB 0.8221£0.1059  0.2238+0.1629  0.1881£0.1542  0.3167£0.2438
LR 0.8199£0.1157  0.0400+£0.1200  0.1000£0.3000  0.0250£0.0750
PCS NB 0.7255£0.0369  0.1468+0.0560  0.5920£0.1349  0.0850£0.0341
LR 0.7324%0.0310  0.0865%£0.0599  0.4929+0.2284  0.04801+0.0348
MW NB 0.8074£0.1161  0.4205+0.2590  0.3750£0.2275  0.5000+0.3333
LR 0.814410.1060  0.156710.2468  0.2000£0.3317  0.1333£0.2082
KC3 NB 0.74781£0.1190  0.348310.2600  0.4417£0.3250  0.3083%+0.2556
LR 0.77401£0.1314  0.28381+0.2461  0.4833%0.4246  0.2250%0.2206
CM1 NB 0.7343+0.1335  0.2388%0.2164  0.2257+0.2017  0.28001+0.2804
LR 0.7844%0.0948  0.1650%£0.2249  0.283310.3948  0.1200%0.1646
PC2 NB 0.8189£0.1385  0.0583+0.1181  0.0367£0.0737  0.1500£0.3202
LR 0.8807£0.1209  0.0000+0.0000  0.0000£0.0000  0.0000£0.0000
PC3 NB 0.7930£0.0716  0.419810.0859  0.3412%0.0754  0.5538+0.1182
LR 0.8241£0.0548  0.2008+0.1275  0.5200£0.2769  0.1308+0.0913
PC4 NB 0.7920£0.0652  0.3267£0.1048  0.389410.0896  0.30691+0.1338
LR 0.9025+0.0272  0.4784%0.1260  0.7657+0.1495  0.36371+0.1212
MC2 NB 0.7059£0.1265 0.4071+0.2268  0.5333%£0.3263  0.3650%0.2314
LR 0.7009£0.1167  0.441110.1942  0.6517£0.2950  0.3650%0.2025

Severe imbalance effects are also evident. In PC2, LR achieves a high AUC (0.8807) but
yields zero Recall and F1-score, indicating complete failure in detecting defective instances.
A similar pattern is observed in MC1, where Recall remains extremely low (0.0250) despite
relatively high AUC (0.8199). These results highlight the limitation of classification perfor-
mance when imbalance is not explicitly addressed. After applying SMOTE-Tomek (Table 6),
a substantial improvement in Recall is observed across nearly all datasets. For example, LR
Recall increases significantly in PC2 (0.0000 — 0.7500), MC1 (0.0250 — 0.7417), and MW1
(0.1333 — 0.7333). Similarly, NB Recall improves in PC3 (0.5538 — 0.8154) and PC2 (0.1500
— 0.8500), demonstrating the effectiveness of SMOTE-Tomek in improving minority class
detection. While Recall improves considerably, Precision generally decreases, reflecting an
increase in false positives after resampling. However, F1-score improves in most cases (e.g.,
PC3 and PC4 for LR), indicating a more balanced classification performance.

Performance variability is reflected in standard deviation values. Smaller datasets such as
PC1, MW1, KC3, and MC1 exhibit higher variability, while larger datasets such as JM1 and
PC4 demonstrate more stable performance. This suggests that dataset size influences model
stability and generalization. To provide an overall comparison, Table 7 presents the average
performance across all datasets and methods.
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Table 6. Per-Dataset Results of CONMI+TopK+BE With SMOTE-Tomek (Mean + SD, 10-fold

CV)

Dataset

Classifier

AUC

F1

Precision

Recall

JM1

NB+SMOTE
LR+SMOTE

0.6337£0.0211
0.6914%0.0188

0.3137£0.0319
0.4343%0.0221

0.4745%0.0430
0.3583%0.0224

0.2345%0.0260
0.5521£0.0272

PC1

NB+SMOTE
LR+SMOTE

0.7990%0.1155
0.880910.0662

0.3150+0.1681
0.3901£0.0951

0.263410.1303
0.269310.0617

0.416710.2518
0.7400%0.2507

KC1

NB+SMOTE
LR+SMOTE

0.6901%0.0638
0.6968%0.0705

0.2902£0.0878
0.3731£0.1006

0.6056%+0.1195
0.5505%0.1136

0.1940%0.0684
0.2859%0.0915

MC1

NB+SMOTE
LR+SMOTE

0.8017%0.0979
0.8243%0.1004

0.0969£0.0501
0.1013%0.0283

0.0543%0.0283
0.0545%0.0156

0.4667%+0.2392
0.7417%£0.1766

PC5

NB+SMOTE
LR+SMOTE

0.7324%0.0310
0.7324%0.0310

0.2108+0.0533
0.3542+0.0525

0.5698+0.1125
0.530710.0492

0.1310%0.0366
0.2688%0.0537

MW1

NB+SMOTE
LR+SMOTE

0.8135%0.1109
0.8240%0.1059

0.3764£0.1696
0.4180£0.0919

0.2675%0.1287
0.3058%0.0824

0.6667%0.2887
0.7333%0.2380

KC3

NB+SMOTE
LR+SMOTE

0.7343£0.1415
0.7742%0.1346

0.4890%0.2365
0.53521+0.1825

0.6250%+0.2795
0.53331+0.2225

0.4500%0.2843
0.5833%+0.2528

CM1

NB+SMOTE
LR+SMOTE

0.7391+0.1296
0.7759%0.0886

0.3048+0.1978
0.4104%0.1329

0.2915%0.2674
0.3082%0.1091

0.4000%0.2588
0.6350%+0.1975

PC2

NB+SMOTE
LR+SMOTE

0.8431+0.1381
0.8728+0.1508

0.1472£0.0483
0.1297£0.0709

0.0809%0.0276
0.0713£0.0393

0.8500+0.2291
0.7500+0.4031

PC3

NB+SMOTE
LR+SMOTE

0.7835%0.0786
0.8291%0.0540

0.4021%+0.0528
0.4399%0.0824

0.2674%0.0369
0.3154%0.0632

0.8154%0.1043
0.7308%0.1252

PC4

NB+SMOTE
LR+SMOTE

0.7919%0.0749
0.9019+0.0237

0.3835+0.0705
0.5475+0.0484

0.3933%0.0709
0.4179£0.0531

0.4101£0.1401
0.8056%0.0671

MC2

NB+SMOTE
LR+SMOTE

0.7028+0.1358
0.703410.1169

0.5111£0.1535
0.5267£0.1325

0.6583+0.2428
0.576710.1908

0.4750%0.1861
0.5400£0.1881

Table 7. Average Performance (Mean + SD) Across All Methods and Datasets

Method

Classifier

AUC

F1-Score

Precision

Recall

Baseline

NB

LR
NB+SMOTE
LR+SMOTE

0.7371 £ 0.0512 0.2905 *+ 0.1044 0.3458 £ 0.1873 0.3880 £ 0.2021
0.7715 £ 0.0657 0.2571 + 0.1600 0.4287 £ 0.2276 0.2049 £ 0.1470
0.7400 £ 0.0480 0.3104 = 0.1155 0.3410 £ 0.1964 0.5008 £ 0.2181
0.7631 £ 0.0723 0.3892 = 0.1435 0.3128 + 0.1418 0.6153 £ 0.0878

PCC

NB

LR
NB+SMOTE
LR+SMOTE

0.7448 £ 0.0517 0.3048 + 0.1109 0.3543 £ 0.1739 0.3551 £ 0.1771
0.7731 £ 0.0687 0.2330 + 0.1397 0.4195 + 0.2350 0.1776 £ 0.1149
0.7469 £ 0.0518 0.3221 + 0.0953 0.3509 £ 0.1731 0.4441 £ 0.1741
0.7721 £ 0.0707 0.3871 + 0.1352 0.3152 + 0.1442 0.6338 £ 0.0855

MI

NB

LR
NB+SMOTE
LR+SMOTE

0.7434 + 0.0618 0.2969 % 0.1185 0.3562 £ 0.1864 0.3638 *+ 0.2008
0.7720 + 0.0647 0.2456 £ 0.1362 0.4466 £ 0.2125 0.1913 + 0.1249
0.7432 + 0.0624 0.3147 £ 0.1180 0.3464 £ 0.1827 0.4682 *+ 0.2022
0.7670 + 0.0656 0.3840 £ 0.1444 0.3076 £ 0.1453 0.6237 + 0.0774

BE

NB

LR
NB+SMOTE
LR+SMOTE

0.7411 £ 0.0604 0.2788 = 0.1235 0.3479 £ 0.1864 0.3288 £ 0.1930
0.7681 £ 0.0734 0.1850 £ 0.1560 0.3602 £ 0.2649 0.1362 + 0.1241
0.7372 £ 0.0586 0.3342 + 0.1441 0.2967 £ 0.1702 0.6479 £ 0.1990
0.7630 £ 0.0724 0.3835 *+ 0.1404 0.2950 * 0.1314 0.6687 £ 0.1018

CONMI+TopK

NB

LR
NB+SMOTE
LR+SMOTE

0.7397 £ 0.0506 0.3014 + 0.1044 0.3547 + 0.1764 0.3647 £ 0.1755
0.7756 £ 0.0622 0.2429 *+ 0.1460 0.4476 £ 0.2382 0.1839 £ 0.1191
0.7420 £ 0.0525 0.3123 *+ 0.0963 0.3436 + 0.1785 0.4525 £ 0.1733
0.7697 £ 0.0609 0.3911 = 0.1455 0.3135 £ 0.1478 0.6303 £ 0.0720
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Table 7 (Continned)

CONl_\:[IISETOPK NB 0.7537 + 0.0572 0.2870 £ 0.1090 0.3748 £ 0.1597 0.3020 * 0.1377

LR 0.7908 + 0.0706 0.2045 £ 0.1389 0.4313 £ 0.2253 0.1507 * 0.1140

0.80 4

0.78 4

Average AUC
o
~
o

0.74 4

NB+SMOTE 0.7554 £ 0.0580 0.3201 £ 0.1196 0.3793 + 0.1991 0.4592 *+ 0.2159
LR+SMOTE 0.7923 £ 0.0714 0.3884 £ 0.1363 0.3577 = 0.1679 0.6139 + 0.1715

4.3. Performance Analysis and Discussion

An implicit ablation analysis can be derived from the comparative results in Table 7,
highlighting the contribution of each component in the proposed pipeline. The aggregated
results in Table 7 indicate that the proposed CONMI+TopK+BE consistently achieves su-
perior AUC performance across both NB and LR, with and without SMOTE-Tomek. The
best performance is obtained when combined with LR and SMOTE-Tomek, demonstrating
that integrating multi-filter feature selection with wrapper-based refinement enhances dis-
criminative capability beyond individual feature selection methods. From a component per-
spective, the results provide clear evidence of the contribution of each stage in the proposed
pipeline. PCC and MI, when used independently, yield only moderate improvements, indicat-
ing that relying solely on linear or nonlinear dependency measures is insufficient. The
CONMI mechanism improves performance by combining both perspectives, producing a
more balanced and informative feature ranking. Further improvement is achieved through
Top-K selection, which reduces dimensionality while preserving relevant features. Additional
improvement is observed when Backward Elimination is applied, as it refines the feature sub-
set by removing statistically insignificant features, thereby reducing noise and improving gen-

eralization.

Naive Bayes

Logistic Regression

Maive Bayes + SMOTE

Logistic Regression + SMOTE 0.7908

Baseline MI BE CONMI+TopK CONMI+TopK+BE
Feature Selection Method

Figure 2. Average AUC Comparison Across Feature Selection Methods (12 NASA MDP Datasets)

A critical observation relates to the role of correlation filtering. Removing this stage re-
sults in numerical instability during LR training due to multicollinearity, leading to singular
matrix errors. This indicates that correlation filtering is not merely a performance enhance-
ment step but a necessary component for ensuring model stability. A notable trade-off be-
tween AUC and Recall is consistently observed. Without SMOTE-Tomek, LR achieves
higher AUC but significantly lower Recall, indicating a bias toward majority class prediction.
After applying SMOTE-Tomek, Recall improves substantially while AUC remains relatively
stable, reinforcing the complementary roles of feature selection and imbalance handling.
From a classifier perspective, LR benefits more from the proposed framework than NB. This
is consistent with the nature of LR, which is sensitive to feature redundancy and multicollin-
earity, and therefore gains more from structured feature selection. In contrast, NB assumes
conditional independence among features and is less sensitive to feature interactions, resulting
in smaller but consistent improvements. These findings suggest that the proposed framework
not only improves classification performance but also enhances robustness across different
datasets and classifiers. In practical SDP applications, this implies that model configuration
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should be alighed with operational objectives—whether prioritizing defect detection (Recall-
oriented) or minimizing false positives (Precision-oriented). To further illustrate these find-
ings, Figure 2 presents the average AUC comparison across all methods and classifiers.

1.0 1 e CONMI+TopK+BE (no SMOTE)
mam CONMI+TopK+BE + SMOTE-Tomek
0.81
0.8 4
0.75 0.74 0.73 0.73 0.74
0.64
] 0.58
_% 0.55 0.54
™
9
o
+0.60
041 4075 +0.72 0.36 0.36
0.27 0.29
0.23
0.20
0.2 4
0.13 0.13
0.12 0.10 0.00
0.05
0.03
0.00
0.0 -
pCc2 MC1 MW1 PC3 PC1 CM1 M1 PC4 KC3 PC5 KC1 MC2
Dataset

Figure 3. Recall comparison: with vs without smote-tomek per dataset (logistic regression)

Figure 2 shows that CONMI+TopK+BE consistently achieves the highest AUC, with
additional improvements when combined with SMOTE-Tomek. Additionally, Figure 3 illus-
trates the impact of SMOTE-Tomek on Recall for LR. Figure 3 highlights that SMOTE-
Tomek significantly improves Recall across most datasets, reinforcing the importance of in-
tegrating imbalance handling into the feature selection and classification pipeline.

4.4. Statistical Significance Analysis

To further validate the effectiveness of the proposed method, statistical significance test-
ing was conducted using a paired t-test with AUC as the primary evaluation metric. While
additional metrics such as Recall, Precision, and F1-score are reported in Section 4.2 to pro-
vide a comprehensive performance perspective, this analysis focuses on AUC to assess overall
discriminative capability. The results are summarized in Table 8.

Table 8. Statistical Significance Testing (Paired t-test, « = 0.05, AUC-based).

Method Comparison Classifier p-value Significance (p < 0.05)
CONMI+TopK+BE+SMOTE vs Baseline+SMOTE LR 0.0620 Not Significant
CONMI+TopK+BE+SMOTE vs PCC+SMOTE LR 0.1393 Not Significant
CONMI+TopK+BE+SMOTE vs MI+SMOTE LR 0.0487 Significant
CONMI+TopK+BE+SMOTE vs BE+SMOTE LR 0.0123 Significant
CONMI+TopK+BE+SMOTE vs .
c ONMI-II-)TopK L SMOTE LR 00634 Not Significant
CONMI+TopK+BE+SMOTE vs Baseline+tSMOTE ~ NB 0.2482 Not Significant
CONMI+TopK+BE+SMOTE vs PCC+SMOTE NB 0.1241 Not Significant
CONMI+TopK+BE+SMOTE vs MI+SMOTE NB 0.3109 Not Significant
CONMI+TopK+BE+SMOTE vs BE+SMOTE NB 0.1024 Not Significant
CONMI+TopK+BE+SMOTE vs L
c ONMI}:TOPK SMOTE NB  0.0768 Not Significant

The paired t-test results in Table 8 indicate that the proposed CONMI+TopK+BE com-
bined with SMOTE-Tomek achieves consistently higher AUC values compared to all baseline
methods across both LR and NB. For LR, statistically significant improvements are observed
when compared with MI+SMOTE (p = 0.0487) and BE+SMOTE (p = 0.0123). These results
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suggest that the integration of multi-filter feature selection with wrapper-based refinement
provides measurable gains over individual feature selection strategies. However, comparisons
with Baseline, PCC, and CONMI+TopK do not reach statistical significance, indicating that
while performance improvements are observed, they are not uniformly strong across all com-
parisons.

In contrast, for NB, none of the comparisons reach statistical significance. This suggests
that the proposed feature selection and imbalance handling framework does not produce sta-
tistically distinguishable improvements in AUC for this classifier. This behavior is consistent
with the independence assumption of NB, which reduces its sensitivity to feature interaction
and feature selection refinements.

It is important to note that the absence of statistical significance in AUC does not nec-
essarily imply the absence of practical improvement. As shown in Section 4.2, Recall and F1-
score improve substantially under the proposed framework, particularly when combined with
SMOTE-Tomek and LR. These improvements are more pronounced than those observed in
AUC, indicating that the primary benefit of the proposed approach lies in enhancing minority
class detection rather than solely improving ranking performance.

4.5. Comparison with State-of-the-Art Methods

To further assess the effectiveness of the proposed framework, its performance is com-
pared with several prior studies that employ the same NASA MDP datasets. This comparison
provides a clearer benchmark of how the proposed method performs relative to existing ap-
proaches under comparable experimental settings. The results are summarized in Table 9.

Table 9. Comparison with State-of-the-Art Methods on NASA MDP Datasets (AUC)

Reference AUC
Suntoro et al. [38] 0.7520
Aryanti et al. [39] 0.7496

Rahmayanti et al. [24] 0.7855
Balogun et al. [23] 0.7460
Proposed Method 0.7923

The results in Table 9 show that the proposed method achieves the highest AUC among
the compared approaches. Although the improvement is moderate, it is consistent and indi-
cates that the integration of multi-filter feature selection (CONMI), Top-K reduction, Back-
ward Elimination, and SMOTE-Tomek provides complementary benefits. Prior studies such
as Rahmayanti et al. [24] and Balogun et al. [23] primatily focus on hybrid or multi-filter strat-
egies without explicitly addressing multicollinearity or integrating imbalance handling within
a unified framework. In contrast, the proposed method combines these components in a
structured pipeline, contributing to improved feature quality and model robustness. In addi-
tion to AUC, improvements in Recall and F1-score (Section 4.2) further suggest enhanced
minority class detection. These results demonstrate that the proposed approach offers a con-
sistent and competitive improvement while maintaining methodological simplicity.

5. Conclusions

This study proposes a structured hybrid framework for SDP that integrates multi-filter
feature selection (CONMI), dimensionality reduction (Top-K), correlation-based filtering,
and wrapper-based refinement (BE), combined with SMOTE-Tomek for imbalance han-
dling. The experimental results across twelve NASA MDP datasets demonstrate that the pro-
posed approach consistently improves classification performance, achieving the highest aver-
age AUC (0.7923 % 0.0714) when combined with LR and SMOTE-Tomek. Statistical analysis
further indicates significant improvements over selected baselines (MI and BE) for LR, while
more moderate gains are observed for NB. The findings support the central premise of this
study: combining complementary feature selection strategies with imbalance handling leads
to more informative, stable, and discriminative feature subsets. In particular, the integration
of linear and nonlinear relevance measures (PCC and MI), together with redundancy reduc-
tion and wrapper-based refinement, contributes to improved model robustness. Additionally,
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the use of SMOTE-Tomek enhances minority class detection, as reflected in improved Recall
and F1-score, which are critical in imbalanced SDP scenarios.

From a practical perspective, the proposed framework provides a systematic and inter-
pretable pipeline for handling high-dimensional and imbalanced datasets. This contributes to
the field by demonstrating that relatively simple and explainable models, when combined with
structured feature selection and data balancing, can achieve competitive performance without
relying on more complex or computationally intensive approaches. Nevertheless, this study
has several limitations. The evaluation is restricted to NASA MDP datasets and two classical
classifiers, which may limit generalizability. The Top-K selection strategy remains heuristic,
and alternative imbalance handling techniques or classifier families were not explored.

Future work may focus on adaptive or data-driven feature selection strategies, cost-sen-
sitive learning approaches, and evaluation on cross-project defect prediction settings. Extend-
ing the framework to additional classifiers, including ensemble or deep learning models, may
further clarify its generalizability and applicability. In summary, the proposed framework of-
fers a consistent and effective approach for SDP by jointly addressing feature relevance, re-
dundancy, and class imbalance within a unified pipeline.
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