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ABSTRACT  

Software Defect Prediction (SDP) plays a vital role in identifying defects within 
software modules. Accurate early detection of software defects can reduce 
development costs and enhance software reliability. However, SDP remains a 
significant challenge in the software development lifecycle. This study employs 
Particle Swarm Optimization (PSO) and addresses several challenges associated 
with its application, including noisy attributes, high-dimensional data, and 
imbalanced class distribution. To address these challenges, this study proposed a 
hybrid filter-based feature selection and class balancing method. The feature 
selection process incorporates Chi-Square (CS), Correlation-Based Feature 
Selection (CFS), and Correlation Matrix-Based Feature Selection (CMFS), which have 
been proven effective in reducing noisy and redundant attributes. Additionally, the 
Synthetic Minority Over-sampling Technique (SMOTE) is applied to mitigate class 
imbalance in the dataset. The K-Nearest Neighbors (KNN) algorithm is employed as 
the classification model due to its simplicity, non-parametric nature, and suitability 
for handling the feature subsets produced. Performance evaluation is conducted 
using the Area Under Curve (AUC) metric with a significance threshold of 0.05 to 
assess classification capability.  The proposed method achieved an AUC of 0.872, 
demonstrating its effectiveness in enhancing predictive performance. The proposed 
method was also superior to other combinations such as PSO SMOTE (0.0043), PSO 
SMOTE CS (0.0091), PSO SMOTE CFS (0.0111), and PSO SMOTE CFS CMFS (0.0007). 
The findings of this study show that the proposed method significantly enhances the 
efficiency and accuracy of PSO in software defect prediction tasks. This hybrid 
strategy demonstrates strong potential as a robust solution for future research and 
application in predictive software quality assurance. 
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1. INTRODUCTION 

Ensuring software quality and reliability is crucial in 
software development, establishing defect prediction as a 
fundamental component of the quality assurance process 
[1]. The presence of software defects can lead to 
unexpected outcomes, including system failures that may 
compromise reputation, violate user privacy, or even pose 
risks to safety in certain critical applications [2][3]. 
Consequently, early detection of software defects is an 
essential step to mitigate potential negative impacts [4][5]. 
However, the development of software defect prediction 
models faces several challenges, particularly concerning 
dataset quality. These challenges include noisy attributes 
[6], high data dimensionality [7], and imbalanced class 
distribution [8]. For instance, the NASA dataset revealed 
that noisy attributes and an uneven distribution of classes 
significantly reduced the accuracy of software defect 
prediction models.  

The Software Defect Prediction (SDP) model 
developed in this study achieved an Area Under the Curve 
(AUC) score of 0.872. This study builds upon various 
relevant references from prior research. In 2020, Iqbal et 
al. proposed a multi-filter and multi-layer approach that 
incorporated Correlation-Based Attribute Selection and 
Correlation Matrix Analysis with PSO for SDP, resulting in 
an AUC of 0.817. During the same period, Balogun et al 
utilized multi-filter feature selection aggregation, including 
CS, which resulted in an AUC value of 0.746. Meanwhile, 
in 2018, Balogun et al applied the Correlation technique 
combined with the Bagged KNN model, achieving an AUC 
value of 0.81. More recently, Sharma et al. (2024) 
explored Ensemble Learning and Class Imbalance 
Handling Strategies to enhance SDP performance, 
reporting a final AUC of 0.72. These previous studies 
provided the foundation for this research, which integrates 
a multi-filter selection approach with class balancing 
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techniques to achieve a notable enhancement in AUC 
performance. 

Theoretically, this study demonstrates that multi-filter 
feature selection methods are effective in managing noisy 
attributes and reducing high-dimensional data, thereby 
enhancing the predictive performance of machine 
learning models. Particle Swarm Optimization (PSO) is 
recognized as an efficient optimization algorithm by 
researchers [9], particularly for its adaptive capability in 
exploring the search space and identifying optimal feature 
subsets [10]. Compared to other metaheuristic 
optimization methods, such as Genetic Algorithm, PSO 
offers faster convergence and more efficient search space 
exploration, making it more suitable for prediction tasks. 
However, the application of PSO presents several 
challenges, particularly its inefficiency in handling high-
dimensional data, which increases computational 
complexity and reduces model performance [11][12]. To 
address this limitation, feature selection techniques, such 
as the Chi-Square (CS) method, are applied. CS is 
particularly effective for software defect prediction (SDP) 
as it evaluates the statistical relationship between each 
feature and the target variable, allowing the selection of 
only the most relevant attributes [13]. SDP datasets often 
contain highly correlated features that CS alone cannot 
effectively detect. To overcome this limitation, a multi-filter 
aggregation approach is employed by integrating 
Correlation-Based Feature Selection (CFS) and 
Correlation Matrix-Based Feature Selection (CMFS). 
While CS is limited in identifying feature dependencies, 
CFS and CMFS assess both feature-target correlations 
and inter-feature relationships. These methods ensure 
that essential features are retained while eliminating 
redundancy, thereby refining the feature subset [14][15]. 
The integration of these selection techniques results in a 
smaller, more informative, and redundancy-free feature 
set, ultimately improving computational efficiency and 
enhancing the predictive accuracy of software defect 
prediction models. 

The K-Nearest Neighbors (KNN) algorithm was 
chosen for this study due to its simplicity, effectiveness, 
and non-parametric nature, making it a suitable approach 
for Software Defect Prediction (SDP). Unlike more 
complex classification models, KNN does not require 
extensive parameter tuning or training, allowing it to adapt 
flexibly to various datasets. To optimize KNN’s 
performance, Grid Search was employed for 
hyperparameter tuning, systematically exploring a 
predefined set of parameter values to identify the optimal 
configuration for classification tasks. Despite these 
optimizations, KNN remains susceptible to class 
imbalance, as the majority class often dominates the 
neighborhood selection process, leading to 
misclassification of minority class instances. To address 
this limitation, the Synthetic Minority Over-sampling 
Technique (SMOTE) was applied to balance class 
distribution by generating synthetic samples for the 
minority class. Differing from random oversampling, which 
merely duplicates existing instances, SMOTE creates 

new synthetic samples by interpolating data points 
between minority class instances, preserving data 
variability and mitigating overfitting [16]. This 
enhancement allows KNN to refine its decision 
boundaries more effectively, ensuring that minority class 
patterns are better captured and improving the overall 
predictive performance of SDP models [17]. The 
integration of multiple techniques in this study aims to 
address the challenges associated with software defect 
prediction, ultimately enhancing the AUC performance of 
the predictive model.  

 

2. MATERIALS AND METHOD 

The proposed research employed a structured 
methodology integrating feature selection, class 
balancing, and classification techniques to enhance 
Software Defect Prediction (SDP). The NASA MDP 
dataset was duplicated into three copies to facilitate 
parallel processing during the feature selection phase. 
The Chi-Square (CS) method was applied to one copy to 
identify the top 10 most relevant features based on their 
statistical dependency with the target variable. In parallel, 
The feature weights obtained from Correlation-based 
Feature Selection and Correlation Matrix Feature 
Selection were averaged, and the top 10 features were 
selected based on this combined ranking. The selected 
features from CS and the aggregated features from CFS-
CMFS were merged using a union operation. This 
process produced a final feature subset ranging from 10 
to 20 features. 

 As illustrated in Fig. 1, the refined feature subset was 
utilized in the classification process, followed by the 
application of Particle Swarm Optimization (PSO) to 
optimize feature selection. Within PSO, the K-Nearest 
Neighbors (KNN) algorithm served as the classification 
model, while the Synthetic Minority Over-sampling 
Technique (SMOTE) was applied to address class 
imbalance by generating synthetic samples for minority 
instances. To enhance classification efficiency, Grid 
Search was integrated within PSO to fine-tune the k-
nearest neighbor parameter, identifying the optimal value 
for KNN. The evaluation framework implemented 10-fold 
cross-validation to validate model performance across 
multiple training and testing partitions. The predictive 
performance was assessed using Area Under the Curve 
(AUC), Precision, Recall, and F-Measure, ensuring a 
comprehensive evaluation of classification effectiveness. 
Additionally, a t-test was conducted to determine the 
statistical significance of improvements in AUC, validating 
the robustness of the proposed method. This 
experimental design enables a rigorous and systematic 
comparison across multiple variations of the proposed 
approach. The integration of multiple evaluation metrics 
and statistical analysis provides strong empirical support 
for the reliability and generalizability of the model across 
diverse software defect datasets. The comprehensive 
nature of this methodology further emphasizes its 
applicability for broader software quality assurance tasks 
in real-world development environments. 
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A. Data Collection 

This study employed the NASA Metrics Data Program 
(MDP) D'' dataset, an openly accessible dataset made 
available to support verification and reproducibility. The 
dataset comprises information from actual software 
projects spanning multiple domains, developed using 
programming languages such as Java, C, and C++ [19]. 
This dataset is widely recognized and frequently used by 
researchers as a benchmark for evaluating the accuracy 
of software defect prediction models [19]. For this study, 
11 datasets were carefully chosen to encompass a range 
of scenarios and varying complexities in software defect 
prediction. The selected datasets included CM1, KC1, 
KC3, MC1, MC2, MW1, PC1, PC2, PC3, PC4, and PC5. 
These datasets serve as a benchmark for building and 
assessing predictive models, primarily aimed at detecting 
software defects in the early phases of development [20]. 
Despite their significance, the NASA datasets pose 
several challenges, such as an imbalanced class 
distribution [21], the presence of noisy features [22], and 
a high number of attributes [23]. Table 1 provides a 
comprehensive overview of each dataset utilized in this 
study. 

 

Table 1. Dataset Nasa 
 

Datase

t 
Number of 
features 

Sample 

size 

Number 

of Defect 

Defect 

% 

CM1 38 327 42 12.8 

KC1 22 1162 294 20.8 

KC3 40 194 36 18.5 

MC1 38 1988 46 2.3 

MC2 40 124 44 35.4 

MW1 38 253 27 10.7 

PC1 38 705 61 9.7 

PC2 37 722 16 2.2 

PC3 38 1077 134 12.4 

PC4 38 1270 176 13.8 

PC5 39 1694 458 27.0 

 

B. Splitting Dataset 

The dataset is typically partitioned into two primary 
subsets: training and testing data, both of which play a 
vital role in the development and evaluation of machine 
learning models. Cross-validation functions as a 
validation approach for machine learning algorithms, 
designed to enhance the reliability of performance 
evaluation while reducing the likelihood of overfitting. In 
this study, the dataset is divided into 10 approximately 
equal folds using the Stratified K-Fold Cross-Validation 
technique. The model undergoes training over 10 
iterations, where, in each cycle, one fold is assigned as 
the test set, while the remaining nine folds serve as the 
training set. The stratification process ensures that each 
fold retains the same class proportion as the original 
dataset, thereby maintaining class balance across all 
partitions and improving the robustness of model 
evaluation. 

 

C. Chi-Square 

Chi-Square (CS) is a filter-based feature selection method 
that evaluates the statistical dependency between 
features and the target variable. In its application, each 
feature in the dataset is assessed to determine its level of 
dependency on the target label, after which the features 
are ranked in descending order of significance [24]. One 
of the primary advantages of this method is its flexibility, 
as it can be applied to both nominal and numerical data 
types [25]. The fundamental Chi-Square (CS) formula is 
presented in Equation (1) [12]. 

𝐶𝑆(𝑡_𝑘, 𝑐𝑖) = (𝑁(𝐴𝐷 − 𝐶𝐵)^2)/((𝐴 + 𝐶) + (𝐵
+ 𝐷) + (𝐴 + 𝐵) + (𝐶 + 𝐷)) (1) 

The formula represents the Chi-Square value for 
feature 𝑡𝑘 concerning class 𝑐𝑖, 𝑁 denotes the total number 

of observations, and 𝐴,𝐵,𝐶,𝐷 correspond to frequency 

values derived from the contingency table. This formula 
measures the degree of association between a given 
feature and the target variable. 

 

D. Correlation-Based Feature Selection 

Correlation-Based Feature Selection (CFS) is a filter-
based feature selection method designed to identify 
relevant features that enhance the performance of 
classification models [26]. CFS evaluates feature subsets 
based on the hypothesis that the optimal features are 
those with a high correlation to the target variable. This 
method employs the Pearson correlation coefficient, 
which ranges from -1 to 1, to indicate the degree of 

 

Fig. 1. Research method flowchart 
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positive, negative, or no correlation. The correlation is 
computed after normalizing the data [27]. In practice, CFS 
identifies features with a high correlation to the target 
variable as having stronger predictive potential [26]. 
However, this method does not account for relationships 
between selected features, as it primarily focuses on the 
direct relationship between individual features and the 
target variable [29]. By prioritizing feature-target 
correlations, CFS aims to identify significantly relevant 
features while disregarding those with low correlation, 
thereby reducing the risk of multicollinearity within the 
model [30][31]. The formula for calculating the Pearson 
Coefficient is presented in Equation (2) [28]. 

𝑟 =
∑(𝑥𝑖 − 𝑥)(𝑦𝑖 − 𝑦)

√∑(𝑥𝑖 − 𝑥)2 ∑(𝑦𝑖 − 𝑦)2
 

(2) 

By identifying features that have the highest contribution 
to classification performance, this approach enhances 
model interpretability while simultaneously reducing 
computational complexity. 

 

E. Correlation-Based Feature Selection 

Correlation Matrix-Based Feature Selection (CMFS) is a 
filter-based feature selection method designed to analyze 
and manage the relationships between features within a 
dataset [32]. This technique employs the Pearson 
correlation coefficient to quantify the degree of linear 
correlation between features in a software dataset (2) 
[33]. The correlation matrix consists of pairwise 
correlation values, where each entry represents the 
Pearson coefficient for a specific feature pair. By providing 
a comprehensive understanding of feature 
interdependencies, CMFS serves as an effective 
approach for enhancing prediction accuracy and 
facilitating optimal data-driven decision-making [34]. 

 

F. Weight Averaging 

Weight averaging method integrates the weights obtained 
from CFS and CMFS, generating a refined weight 
representation that captures both the linear relationship 
between features and the target, as well as inter-feature 
correlations. The CFS method assesses the correlation of 
each feature with the target variable, while CMFS 
evaluates the correlation among features within the 
dataset. The weight values derived from both methods 
underwent normalization and averaging to produce the 
final weight distribution. This aggregated weight is then 
utilized to select the top 10 features, ensuring high 
relevance to the target while minimizing redundancy 
among features. Table 2 presents the pseudocode for 
finding the weight averaging. 

Table 2. Algorithm 1  

Weight Averaging 

1. BEGIN 

2. Dataset = fetch_dataset(“NASA MDP D’’) 

3. Feature_weight_corr = 

Correlation_based_feature_selection(Dataset) 

4. Feature_weight_corrMatrix = 

Correlation_matrix_based_feature_selection(Datas

et) 

5. Average_feature_weight =(Feature_weight_corr + 

Feature_weight_corrMatrix) / 2 

6. Output_weight = Average_feature_weight 

7. END  

 

G. Particle Swarm Optimization 

Particle Swarm Optimization (PSO) is a swarm 
intelligence-based algorithm that simulates the collective 
movement of a flock of birds to identify optimal solutions 
[35]. In PSO, each particle represents a candidate 
solution, specifically a subset of features in this context, 
with its position in the search space determined by a 
fitness function that evaluates solution quality (3). 
Through an iterative process, particles dynamically adjust 
their positions, progressively converging toward an 
optimal solution (4) [36]. The optimization performance of 
PSO is influenced by several key parameters. Particle 
Best (Pb) denotes the best solution found by an individual 
particle in previous iterations, while Global Best (Gb) 
represents the best solution identified by the entire swarm 
during the optimization process (3). Additionally, 
acceleration coefficients (c1 and c2) regulate the 
influence of personal and global best positions, whereas 
random factors (r1 and r2) introduce stochasticity in 
particle movement (3). The number of iterations is 
denoted by t, while the inertia weight (ω) controls the 
balance between exploration and exploitation, preventing 
premature convergence and improving search efficiency 
[33]. 

𝑉𝑖(𝑡 + 1) =  𝜔𝑉𝑖(𝑡) +  𝑐1𝑟1(𝑃𝑏𝑖(𝑡) − 𝑋𝑖(𝑡)
+ 𝑐2𝑟2(𝐺𝑏𝑖(𝑡) − 𝑥𝑖(𝑡))) 

(3) 

𝑉_𝑖 (𝑡 + 1) =  𝑋_𝑖 (𝑡) + 𝑉_𝑖 (𝑡 + 1) (4) 

The flow of the Particle Swarm Optimization (PSO) 

process is as follows: 

1. Particle Initialization and Fitness Evaluation: PSO 

randomly generates a population of particles, each 

representing a feature subset, and evaluates their 

fitness using AUC. 

2. Best Solution Update (Pb and Gb): Each particle 

updates its Particle Best (Pb) and Global Best (Gb), 

adjusting its position and velocity to improve the 

search for an optimal solution. 

3. Feature Subset Selection and Iterative Optimization: 

Particles refine their positions iteratively, updating Pb 

and Gb, until a stopping criterion is met. 

4. Final Evaluation: The best feature subset is used to 

train the prediction model, and its performance is 

assessed using AUC. 

H. Synthetic Minority Over-Sampling Technique 
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Synthetic Minority Over-sampling Technique (SMOTE) is 

a widely applied method for addressing class imbalance 

by generating synthetic samples for minority classes to 

achieve a more balanced distribution relative to the 

majority class [16]. Rather than duplicating existing 

samples, this technique enhances the learning process of 

classification models by synthesizing new data points. 

The SMOTE process begins by identifying samples from 

the minority class and determining their k-nearest 

neighbors. Synthetic samples are then generated along 

the vector between an original sample and one of its 

selected neighbors. This approach improves class 

distribution, enabling the predictive model to learn 

patterns from both majority and minority classes more 

effectively, thereby enhancing classification performance 

[19]. Table 3 presents the pseudocode of SMOTE. 

 
Table 3. Algorithm 2 

Synthetic Minority Over-Sampling Technique 

1. BEGIN 

2. Input: 

3. O ← Original dataset 

4. P ← Set of positive instances (minority class) 

5. Process: 

6. For each instance x in P do: 

7. Find k-nearest neighbors of x within P 

8. Randomly select one neighbor y from k-

nearest neighbors 

9. Compute the difference: difference = x - y 

10. Generate a random number gap between 0 

and 1 

11. Create synthetic instance: n = x + (difference * 

gap) 

12. Add n to O 

13. Output: 

14. O ← Augmented dataset with synthetic instances 

15. END  

 

I. K-Nearest Neighbour 

K-Nearest Neighbors (KNN) is an instance-based 
machine learning algorithm commonly used for 
classification and regression tasks [37]. It determines the 
class or value of new data by analyzing the majority class 
or average value of its nearest neighbors. The primary 
objective of KNN is to classify or predict new data based 
on its proximity to existing data points in the feature 
space. KNN implementation flow [38]: 

1. Initialize the number of neighbors (k) and calculate the 

distance between the new data and existing data. 

2. Identify the k closest neighbors and determine the class 

by majority voting or compute the average for 

regression. 

3. Assign the final prediction based on the majority class 

or calculated value. 

Fig. 2 illustrates the working mechanism of the KNN 

algorithm, depicting how nearest neighbors influence 

classification and prediction outcomes [39]. 

 
Fig. 2. KNN ALGORITHM 

J. Grid Search 

Grid Search is a systematic approach for hyperparameter 
tuning that aims to determine the optimal parameter 
values for machine learning models. One of its primary 
advantages is its exhaustive search process, which 
evaluates all possible parameter combinations within a 
predefined range, ensuring the selection of the most 
effective configuration for enhancing model performance. 
In this study, Grid Search is utilized to optimize the K-
Nearest Neighbors (KNN) algorithm by determining the 
most appropriate number of neighbors. The application of 
this method ensures that KNN operates with the most 
optimal parameter configuration, thereby improving 
classification performance and overall model reliability. 
 

K. Evaluation 

The Area Under Curve (AUC) is employed as a 
classification performance evaluation metric, providing a 
clear measure of a model’s ability to distinguish between 
different classes. This comprehensive approach ensures 
a thorough understanding and assessment of the 
significance of each applied method. The AUC metric, 
represented in Equation (5), ranges from 0 to 1, where a 
value of 1 signifies perfect class separation, while a value 
of 0.5 indicates a classification performance equivalent to 
random guessing. A higher AUC value denotes better 
predictive performance [40]. Additionally, statistical 
evaluation was conducted using a t-Test to compare the 
average performance of different models and determine 
the statistical significance of AUC differences [41]. A 
significant t-Test result reinforces confidence in the 
superiority of one method over another [41][42]. A 
significance threshold (α) of 0.05 was applied to ensure a 
95% confidence level. While the α value can be adjusted 
based on specific requirements, 0.05 is widely recognized 
as a standard threshold in statistical analysis [42]. 

𝐴𝑈𝐶 =
1 + 𝑇𝑃𝑅 − 𝐹𝑃𝑅

2
 (5) 
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 To obtain this information, a confusion matrix is 
utilized. Equations (6) and (7) [43] are used to calculate 
the True Positive Rate (TPR) and False Positive Rate 
(FPR), where TPR represents the proportion of correctly 
classified positive instances, and FPR denotes the 
proportion of negative instances incorrectly classified as 
positive [43]. 

𝑇𝑃𝑅 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
 (6) 

𝐹𝑃𝑅 =
𝐹𝑃

𝐹𝑃 + 𝑇𝑁
 (7) 

 Table 4 presents the pseudocode outlining the steps 
for the final model evaluation, providing a structured 
approach to assessing the model's performance. 

 

Table 4. Algorithm 3 

MODEL EVALUATION 

1. BEGIN 

2. Dataset = Load_NASA_MDP() 

3. Weigth_CS = Compute_ChiSquare(Dataset) 

4. 10_CS_Features = 

Select_Top_Features(ChiSquareScores, k=10) 

5. Weights_CFS = Compute_CFS_Weights(Dataset) 

6. Weights_CMFS = 

Compute_CMFS_Weights(Dataset) 

7. Feature_Names = Get_Feature_Names(Dataset) 

8. Average_Weights = {} 

9. For each feature in Feature_Names do 

10. Average_Weights[feature] = 

(Weights_CFS[feature] + Weights_CMFS[feature]) 

/ 2 

11. EndFor 

12. 10_Average_Weight_Features = 

Select_Top_Features(AverageWeights, k=10) 

13. Selected_Features = 

Merge_Features(10_CS_Features, 

10_Average_Weight_Features) 

14. TrainSet, TestSet = 

Split_Dataset(Selected_Features, train_ratio=0.8, 

test_ratio=0.2) 

15. TrainSet_Balanced = Apply_SMOTE(TrainSet) 

16. PSO_Performance = 

PSO.FeatureSelection(model=CrossVal.KFold(mode

l=KNN(data= TrainSet_Balanced), k=10), 

data=TestSet) 

17. Performance=PSOPerformance.GetAUC() 

18. END  

 

3. RESULTS  

This study consists of three main phases. The first phase 

involves feature selection, where relevant features are 

identified using Chi-Square (CS), Correlation-Based 

Feature Selection (CFS), and Correlation Matrix-Based 

Feature Selection (CMFS). The selected features are then 

combined to form an optimal subset for processing in 

Particle Swarm Optimization (PSO). In the second phase, 

PSO is employed to optimize the selected features while 

incorporating the K-Nearest Neighbors (KNN) algorithm 

as the classification model and addressing class 

imbalance through the Synthetic Minority Over-sampling 

Technique (SMOTE). Furthermore, Grid Search is applied 

within PSO to fine-tune the k-nearest neighbor parameter, 

ensuring optimal classification performance. The final 

phase involves validation, where model performance is 

assessed using the Area Under the Curve (AUC) as the 

primary evaluation metric. Additionally, a t-test is 

Table 5.  PSO AUC result 
 

Dataset PSO PSO SMOTE 
PSO SMOTE 

CS 
PSO SMOTE 

CFS 
PSO SMOTE 

CMFS 
PSO SMOTE 

CS CFS CMFS 

CM1 0.794 0.771 0.805 0.838 0.793 0.889 

KC1 0.716 0.706 0.696 0.702 0.714 0.724 

KC3 0.803 0.794 0.801 0.768 0.825 0.859 

MC1 0.884 0.926 0.902 0.898 0.899 0.916 

MC2 0.774 0.746 0.838 0.848 0.834 0.919 

MW1 0.844 0.83 0.882 0.885 0.763 0.880 

PC1 0.897 0.907 0.912 0.913 0.913 0.907 

PC2 0.791 0.843 0.791 0.777 0.861 0.962 

PC3 0.822 0.82 0.838 0.841 0.818 0.837 

PC4 0.895 0.905 0.919 0.905 0.866 0.924 

PC5 0.781 0.781 0.775 0.781 0.751 0.780 

AVERAGE 0.818 0.821 0.833 0.832 0.822 0.872 
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performed to determine the statistical significance of the 

improvements, confirming that the proposed method 

provides substantial enhancements in software defect 

prediction, particularly on the NASA MDP dataset. 

 To evaluate the performance of the proposed method, 

six approaches were conducted in this study. All 

approaches employed K-Nearest Neighbors as the 

classification model. The first approach applied the 

Particle Swarm Optimization method without any 

modifications. The Second approach integrated PSO with 

the Synthetic Minority Over-sampling Technique to 

address class imbalance. The third approach 

incorporated feature selection using Chi-Square before 

processing with PSO-SMOTE. The fourth approach 

utilized Correlation-Based Feature Selection for feature 

selection prior to processing in PSO-SMOTE. The fifth 

approach applied Correlation Matrix-Based Feature 

Selection to select features before being processed by 

PSO-SMOTE. Finally, the sixth approach combined 

feature selection using CS with feature aggregation from 

CFS and CMFS before processing in PSO-SMOTE. 

 The research findings presented in Table 5 indicate 

variations in AUC values obtained from 66 experiments 

conducted across 11 datasets. The results demonstrate a 

significant improvement in PSO performance when 

combined with various feature selection and class 

balancing techniques. The proposed method achieves a 

maximum AUC of 0.962 and a minimum AUC of 0.724, 

with an average AUC of 0.872, outperforming all other 

evaluated approaches. In comparison, PSO alone attains 

an average AUC of 0.818, while PSO SMOTE, PSO 

SMOTE CS, PSO SMOTE CFS, and PSO SMOTE CMFS 

achieve average AUC values of 0.821, 0.833, 0.832, and 

0.822, respectively. The proposed approach exhibits 

superior performance in datasets such as CM1, KC1, 

KC3, MC2, PC2, and PC4, while in the remaining 

datasets, the differences in performance compared to 

previous methods are relatively minor.  Although the 

proposed approach demonstrated a significant 

improvement in AUC values, certain datasets, such as 

KC1 and PC5, exhibit considerable deviations from the 

average AUC. The AUC values across different datasets 

are illustrated in Fig 3. 

 

Fig. 4. Precision average 

 Fig 4 presents a comparative analysis of the average 

precision values obtained from various methods. The 

results indicate that the PSO method achieves the highest 

precision with an average value of 0.370, followed by PSO 

SMOTE CFS with a precision of 0.351. The proposed 

method, PSO SMOTE CS CFS CMFS, attains a precision 

of 0.342, surpassing PSO SMOTE (0.332), PSO SMOTE 

CMFS (0.325), and PSO SMOTE CS (0.319). Although 

the proposed method does not yield the highest precision, 

the difference remains relatively small, indicating its 

competitive performance in software defect prediction. 

This suggests that while the approach optimizes recall 

effectively, additional fine-tuning may be required to 

enhance precision without compromising other 

performance metrics. Furthermore, the relatively close 

precision values across different methods highlight the 

challenge of balancing recall and precision in software 

defect classification, emphasizing the need for further 

refinement in feature selection and classification 

strategies. 

Figure. 3. AUC result comparasion in graph data 
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Fig. 5. Recall average 

 Fig 5 presents a comparison of the average recall 

values across different methods. The results indicate that 

the proposed method, PSO SMOTE CS CFS CMFS, 

achieves the highest recall with a value of 0.816, 

demonstrating a significant improvement over the other 

methods. PSO SMOTE CMFS follows with a recall of 

0.776, while PSO SMOTE CS and PSO SMOTE attain 

recall values of 0.771 and 0.746, respectively. PSO 

SMOTE CFS achieves a recall of 0.720, whereas the 

standard PSO method records a substantially lower recall 

of 0.119. 

 

Fig. 6. F-1 average 

 Fig 6 presents a comparison of the average F1-score 

across different methods. The results show that the 

proposed method, PSO SMOTE CS CFS CMFS, 

achieves the highest F1-score of 0.453, surpassing all 

other approaches. PSO SMOTE CFS attains an F1-score 

of 0.420, followed by PSO SMOTE CMFS with 0.415, 

while PSO SMOTE CS and PSO SMOTE both obtain 

identical scores of 0.408. The baseline PSO method 

demonstrates a significantly lower performance, with an 

F1-score of 0.166. These findings highlight the 

effectiveness of the proposed approach in balancing 

precision and recall, making it a more reliable choice for 

software defect prediction. 

 

Table 6. Methods Significance Comparasion  
 

Method Comparison 
t-test 
value  

Significance 

PSO SMOTE CS CFS 

CMFS - PSO 
0.0027 Significance 

PSO SMOTE CS CFS 

CMFS - PSO SMOTE 
0.0043 Significance 

PSO SMOTE CS CFS 

CMFS - PSO CMOTE CS 
0.0091 Significance 

PSO SMOTE CS CFS 

CMFS - PSO CMOTE CFS 
0.0111 Significance 

PSO SMOTE CS CFS 

CMFS - PSO CMOTE 

CMFS 

0.0007 Significance 

 
 Furthermore, the significance of the results in this 

study was evaluated using a t-test, as presented in Table 

6, which compares the t-test values between the 

standalone PSO, PSO with SMOTE, and the combination 

of PSO SMOTE with feature selection techniques, 

including CS, CFS, and CMFS. The first column 

represents the methods being compared, the second 

column displays the corresponding t-test values, and the 

third column indicates the statistical significance of the 

results. A t-test value below the alpha threshold of 0.050 

is categorized as 'significant,' indicating a meaningful 

improvement in performance, whereas values above 

0.050 are classified as 'insignificant.' In Table 6, the 

proposed method demonstrates a statistically significant 

improvement over the standalone and combined PSO 

methods, with t-test values of 0.0027 compared to PSO, 

0.0043 compared to PSO SMOTE, 0.0091 compared to 

PSO SMOTE CS, 0.0111 compared to PSO SMOTE CFS, 

and 0.0007 compared to PSO SMOTE CMFS. As all 

obtained values are below the alpha threshold of 0.050, 

these findings confirm that the proposed method provides 

a substantial enhancement in performance. These results 

further validate the effectiveness of the proposed 

approach in addressing the limitations of PSO and 

improving the predictive capability of the model based on 

AUC values. 

 

4. DISCUSSION 

The study demonstrates a significant improvement in 
AUC through the integration of Particle Swarm 
Optimization (PSO), Synthetic Minority Over-sampling 
Technique (SMOTE), Chi-Square (CS), Correlation-
Based Feature Selection (CFS), and Correlation Matrix 
Feature Selection (CMFS). As presented in Table 5 and 
Fig 3, the PSO SMOTE CS CFS CMFS method 
outperforms all other tested approaches. The method 
achieves optimal performance on the PC2 dataset, 
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obtaining an AUC of 0.962, while the lowest performance 
is observed on the KC1 dataset, with an AUC of 0.724. 
The most substantial improvement is observed in the PC2 
dataset, where the proposed method attains an AUC of 
0.962, significantly surpassing the performance of PSO 
(0.791), PSO SMOTE (0.843), PSO SMOTE CS (0.791), 
PSO SMOTE CFS (0.777), and PSO SMOTE CMFS 
(0.861). This enhancement underscores the effectiveness 
of the proposed approach in selecting the most relevant 
and highly correlated features. Furthermore, consistent 
improvements observed in other datasets, such as CM1 
and KC3, indicate that the proposed method exhibits 
adaptability and robustness across datasets with varying 
characteristics. 

 Although the proposed method demonstrates 
superiority across most datasets, as presented in Table 5, 
there are instances where the AUC value obtained by the 
PSO SMOTE CS CFS CMFS method exhibits a slight 
decline. This decrease is observed in the MC1, MW1, 
PC1, PC3, and PC5 datasets. However, despite this 
variation, the difference in AUC values remains minimal. 
For instance, in the PC5 dataset, the PSO SMOTE CS 
CFS CMFS method achieved an AUC of 0.780, only 
marginally lower than the PSO SMOTE method, which 
recorded an AUC of 0.781. A similar pattern is observed 
in other datasets, where the variations in AUC values 
remain within a competitive range. Furthermore, based on 
the overall evaluation, PC5 and KC1 exhibited the lowest 
AUC values. This could be attributed to the large number 
of data entries, which increases the complexity of the 
classification task and may impact model performance. As 
shown in Table 1, these datasets contain a higher number 
of samples compared to others, potentially influencing 
prediction accuracy and overall model effectiveness. 

In this study, as illustrated in Fig 4, the PSO SMOTE 
CS CFS CMFS method achieved a precision of 0.342, 
ranking third after PSO (0.370) and PSO SMOTE CFS 
(0.351). However, it outperformed other approaches, 
including PSO SMOTE (0.332), PSO SMOTE CMFS 
(0.325), and PSO SMOTE CS (0.319). Although the 
proposed method does not achieve the highest precision, 
the differences between methods are relatively minor, 
indicating that while there is no significant decline, there 
is also no substantial improvement. Furthermore, the 
precision values across all methods remain below 0.5, 
indicating a high probability of false alarms, where non-
defective software components may be incorrectly 
classified as defective. This limitation stem from sub-
optimal tuning of the KNN parameters and the application 
of SMOTE. The use of SMOTE generates a substantial 
number of synthetic positive class instances, which may 
introduce bias in the KNN classification process. This, 
coupled with the insufficient tuning of KNN parameters, is 
likely to have contributed to the lower precision values 
observed in the results. 

On the other hand, as illustrated in Fig 5, the PSO 
SMOTE CS CFS CMFS method achieved a recall value 
of 0.816, significantly outperforming other methods, 
including PSO SMOTE CMFS (0.776), PSO SMOTE CFS 

(0.720), PSO SMOTE CS (0.771), PSO SMOTE (0.746), 
and PSO (0.119). These results indicate that the model 
effectively identifies nearly all software defects, 
demonstrating the success of the proposed approach in 
enhancing software defect prediction performance. The 
multi-filter feature selection approach proved to be 
effective in eliminating irrelevant features, while SMOTE 
played a crucial role in assisting the KNN model by 
generating synthetic data, thereby improving the model’s 
ability to accurately predict software defects. 

Furthermore, as depicted in Fig 6, the PSO SMOTE 
CS CFS CMFS method attained an F1-score of 0.453, 
surpassing the performance of PSO SMOTE CMFS 
(0.415), PSO SMOTE CFS (0.420), PSO SMOTE CS 
(0.408), PSO SMOTE (0.408), and PSO (0.166). This 
result highlights the effectiveness of the proposed method 
in improving F1-score performance compared to other 
approaches. However, all tested methods yielded an F1-
score below 0.5, indicating an imbalance between 
precision and recall. This imbalance, particularly in cases 
where recall is high but precision is low, makes the model 
more susceptible to generating false alarms, leading to 
the incorrect classification of non-defective software as 
defective. One contributing factor to this issue is the 
application of SMOTE with the KNN model. Although 
these two methods work synergistically, the selection of a 
sub-optimal number of k-neighbors can cause the model 
to be biased toward synthetic data generated by SMOTE, 
thereby increasing the risk of overfitting. 

 

Table 7. AUC Result Comparasion Of The Proposed 
Method With Other Studies 

 

Study Method 
Avg. 

AUC 

Balgoun et al. [44] 
CfsSubsetEval 
Bagged KNN 

0.759 

Balogun et al. [13] RMFFS NB CS 0.746 

Iqbal and Aftab 

[45] 
MLP MFFS ROS 0.817 

Sharma et al. [46] 
SMOTE MI RFE CV 

PCA KNN 
0.72 

Febrian et al. 
PSO SMOTE CS 

CFS CMFS 
0.872 

 

 Table 7 presents a comparative analysis between this 

study and previous research. The findings demonstrate 

that the proposed method significantly outperforms prior 

studies in terms of AUC, indicating its superior predictive 

capability. Compared to previous research using similar 

datasets, the proposed approach achieves a remarkable 

improvement in AUC, highlighting the effectiveness of 

combining PSO with multi-filter feature selection and 

SMOTE for class balancing. This notable enhancement 

confirms the potential of the proposed method in 

addressing noisy attributes, high-dimensional data and 
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class imbalance issues, making it a robust solution for 

software defect prediction. 

 Although this study demonstrated a significant 

improvement in AUC and recall values, certain aspects of 

the model's performance require further attention. 

However, while achieving high AUC and recall, the low 

precision and F1-score values across all methods indicate 

overfitting, making the models prone to false alarms. This 

issue arises due to bias in the KNN model, likely caused 

by sub-optimal tuning of the k parameter and the influence 

of synthetic data generated by SMOTE. Further research 

is necessary to refine model selection and the tuning 

process, both for the classification algorithm and the 

SMOTE technique, to enhance the balance between 

precision and recall while mitigating the risk of overfitting 

in software defect prediction. 

 Despite these limitations, our study demonstrated that 

the PSO SMOTE CS CFS CMFS method has significant 

potential for software defect prediction, especially when 

integrated with multi-filter feature selection and class 

balancing techniques. The findings indicate that the 

combination of feature selection and class balancing 

enhances PSO's capability in handling noisy attributes, 

high-dimensional data and imbalanced datasets. Further 

research is required to explore the optimal integration of 

PSO with other feature selection and classification 

techniques to further enhance its effectiveness in software 

defect prediction. This exploration could lead to the 

development of more robust, efficient, and accurate 

prediction models. 

 

5. CONCLUSION 

The findings of this research indicate that the PSO 
SMOTE CS CFS CMFS method holds substantial 
promise in predicting software defects, particularly 
through the application of multi-filter feature selection and 
class balancing techniques. The results highlight that 
incorporating feature selection and class balancing 
strengthens PSO's capability to process complex 
datasets, including those with noisy attributes, a high 
number of features, and class distribution imbalances. 
Further investigation is necessary to refine the integration 
of PSO with alternative feature selection and classification 
strategies, aiming to maximize its performance in 
predicting software defects. Future advancements in this 
area may contribute to the development of more resilient, 
efficient, and precise prediction models. 

 The proposed approach consistently exhibits strong 
classification performance, attaining an average AUC of 
0.872. In comparison, applying PSO alone resulted in a 
lower AUC of 0.817. Incorporating SMOTE with PSO led 
to a marginal improvement, producing an AUC of 0.819. 
Additionally, integrating PSO SMOTE with CS contributed 
to a more pronounced enhancement, reaching an AUC of 
0.833. Conversely, the combination of PSO SMOTE with 
CFS led to a minor reduction in AUC, decreasing to 0.832. 

Similarly, PSO SMOTE combined with CMFS also 
showed a slight decline, yielding an AUC of 0.822. 

 To evaluate the statistical significance of these results, 
a t-Test was performed by comparing the performance of 
the proposed PSO SMOTE CS CFS CMFS method with 
other alternative approaches. The findings revealed that 
the α-value remained below the 0.05 threshold, 
confirming that the differences in performance between 
the proposed method and the other tested approaches 
were statistically significant. This conclusion is further 
supported when comparing the proposed method to 
techniques from previous research, reinforcing its 
effectiveness. The statistical evaluation validates that 
PSO SMOTE CS CFS CMFS effectively addresses 
challenges related to noisy attributes, high data 
dimensionality, and class imbalance in SDP. Moreover, it 
significantly enhances prediction accuracy, 
demonstrating its robustness as an approach for 
improving software defect prediction models. 
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