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Abstract.

Purpose: Early detection of software defects is essential to prevent problems with software maintenance. Although
much machine learning research has been used to predict software defects, most have not paid attention to the problems
of data imbalance and feature correlation. This research focuses on overcoming the problems of imbalance dataset. It
provides new insights into the impact of these two feature extraction techniques in improving the accuracy of software
defect prediction.

Methods: This research compares three algorithms: Random Forest, Logistic Regression, and XGBoost, with the
application of PSO for feature selection and SMOTE to overcome the problem of imbalanced data. Comparison of
algorithm performance is measured using F1-Score, Precision, Recall, and Accuracy metrics to evaluate the
effectiveness of each approach.

Result: This research demonstrates the potential of SMOTE and PSO techniques in enhancing the performance of
software defect detection models, particularly in ensemble algorithms like Random Forest (RF) and XGBoost (XGB).
The application of SMOTE and PSO resulted in a significant increase in RF accuracy to 87.63%, XGB to 85.40%, but
a decrease in Logistic Regression (LR) accuracy to 72.98%. The F1-Score, Precision, and Recall metrics showed
substantial improvements in RF and XGB, but not in LR due to the decrease in accuracy, highlighting the impact of
the research findings.

Novelty: Based on the comparison results, it is proven that the SMOTE and PSO algorithms can improve the Random
Forest and XGB models for predicting software defect.
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INTRODUCTION

Software defect detection is critical because it can anticipate worse risks in the future [1]-[3]. Software
defects not detected in the early stages of development can cause serious problems, such as financial losses,
product quality deterioration, and complete system failure after implementation. By detecting software
defects early, developers can identify and fix errors before the software is released to users, thereby
reducing the risk and cost of repairs in the future. This timely detection also plays a vital role in ensuring
the reliability and security of increasingly complex software systems as technology evolves [4].

Along with technology development, detecting software defects is now increasingly influential through
machine learning techniques [3], [5], [6]. This technology allows the system to learn patterns from historical
data, automatically identify potential software flaws, and provide more accurate predictions than traditional
methods. In the context of software engineering, machine learning is not only able to reduce manual effort
in detecting errors [7]-[9]. However, it can also improve the speed and accuracy of finding and handling
software defects. Therefore, machine learning is a promising solution to optimize the software development
process by reducing the risk of failure and improving the quality of the final product.

Many classification methods can be reliably used to predict various case studies, including the prediction
of software defects. Among the methods often used are XGBoost, Random Forest, and Logistic Regression.
XGBoost is well-known for its ability to handle complex data and provide accurate predictions through a
boosting approach [10], [11]. The effectiveness of these methods instills confidence in their users [12],
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[13]. With its ensemble learning approach, Random Forest can overcome the problem of overfitting and
provide stable predictions [14]-[16]. Meanwhile, Logistic Regression, although more straightforward,
remains a popular choice in predicting binary variables such as the presence or absence of software defects
[17], [18]. These three methods have proven effective in various studies and provide reliable results in
software defect detection, helping significantly improve the quality of software development.

In addition to reliable algorithms, a good prediction model also requires a quality dataset [19], [20]. A good
dataset should be well-distributed and have relevant features and influence on the label without any risk of
bias [21]. However, often in practice, the datasets used are imbalanced, where each class's data differs
significantly [22]. This condition can affect the prediction model's performance, especially in detecting
software defects. To solve this problem, sampling techniques, such as oversampling or undersampling, are
needed to balance the data distribution. In addition, the feature selection process is also critical to ensure
that only the genuinely influential features are used in the model, which can reduce model complexity and
improve prediction accuracy [23], [24]. The combination of proper dataset selection and the use of powerful
algorithms can result in a more effective model.

Many studies have explored using machine learning models to predict software defects. However, most
studies do not specifically highlight the problems of data imbalance and feature selection, although both
are important factors in improving prediction accuracy [5], [25]. Data imbalance can make the model more
likely to be biased toward the majority class, thereby reducing the model's ability to recognize the minority
class. In addition, using irrelevant features can decrease model performance by increasing complexity
without significantly contributing to the prediction results. Therefore, strategies to deal with data imbalance
and select relevant features are necessary to produce more reliable and accurate prediction models [19],
[22], [23].

This study proposes using the SMOTE (Synthetic Minority Over-sampling Technique) algorithm to handle
imbalanced data and PSO (Particle Swarm Optimization) for feature selection and combine with XBoost,
Random Forest, and Logistic regression for the classifier algorithm to answer the research gap. Then, the
model evaluation will use a confusion matrix to determine the model's precision, recall, F-1 Score, and
accuracy. Combining these two techniques is expected to improve the performance of software defect
prediction models, making the results more accurate and reliable.

Literature review

Several studies have examined the use of machine learning algorithms in detecting software defects [7],
[25]-[27]. Software defect prediction (SDP) is an important element in ensuring software quality is
maintained, with various machine learning-based approaches continuing to be developed. One widely used
approach is Random Forest (RF), where using Bayesian Optimization to tune hyperparameters has
increased accuracy by up to 85%, making it more effective than conventional RF [26]. Boosting algorithm-
based approaches are also increasingly popular, such as Extreme Gradient Boosting (XGBoost), which,
when optimized using metaheuristics such as Particle Swarm Optimization (PSO), can achieve up to 90%
accuracy [27]. Additionally, the integration of Shapley Additive Explanations (SHAP) analysis provides
clarity about feature contributions, which is critical in making data-driven decisions. Logistic Regression
(LR) remains relevant for a simpler approach, especially when combined with the Gradient Descent
algorithm for cost computing. Research shows that LR with this approach achieves an accuracy of around
78%, making it an efficient solution for low-complexity datasets [25]. Equally important, research utilizing
novel structural feature engineering in object-based software shows that this approach can improve cross-
project prediction accuracy by up to 82%, highlighting the importance of quality features in improving
cross-domain model generalization and enlightening the audience about this crucial aspect [7].

One effective approach to improve model performance is using Particle Swarm Optimization (PSO) for
parameter optimization. This technique has been proven to improve model accuracy through adaptive
exploration of global and local solutions, as shown in a study that modified PSO with smart particles to
solve inverse problems in electromagnetic devices [19]. Using multi-swarm PSO operating in two stages
also provides optimal results, especially in solving global optimization problems without constraints [23].
The combination of PSO with fuzzy hybrid techniques in the medical field has proven this approach's
superiority so that it can be adapted for software defect prediction with higher accuracy [28].
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In addition, to handle data imbalances that often occur in SDP datasets, the Synthetic Minority
Oversampling Technique (SMOTE) is a solution that is often applied. This method can be improved with
techniques such as Improved Random SMOTE, which shows an excellent ability to handle data imbalance
by improving the representation of minority data [29]. A recent Bayesian Optimization-based approach,
BO-SMOTE, also offers significant improvements in oversampling by optimally tuning parameters,
improving evaluation metrics such as accuracy, precision, and sensitivity on imbalanced datasets [22]. The
combination of PSO and SMOTE has the potential to provide a comprehensive solution to improve the
performance of software defect prediction models, especially in increasing accuracy in complex and
imbalanced data scenarios.

METHODS

This research proposed a new method to improve model performance to detect software defects by using
feature selection and imbalanced data handling. The research method shown in figure 1 combines the
SMOTE and PSO algorithms for data preprocessing. Then, for data classification, the XGBoost algorithm,
Logistic Regression, and Randomized Search CV method are used to find the best parameter of every
classification algorithm. This research proposed a new method to improve model performance and detect
software defects using feature selection and imbalanced data handling. Ultimately, the model evaluation
will compare and measure each model before and after using SMOTE and PSO.

SMOTE

SMOT Dataset

v

XGB PSO LR PSO RF PSC

Selected XGB Selected LR Selected RF

XGB Train LR Train RF Train

Model Evaluation

Figure 1. Research design

Dataset and feature

This study used a dataset from Kaggle, Software Defect Prediction with Binary Class which used in various
research previously [30]-[33]. The dataset contains 22 features and defects columns as label. Features in
the dataset include loc, which provides information about the number of lines of code, and v(g), which
represents the program's cyclomatic complexity or logical complexity. ev(g) describes how well the code
is organized in the program structure, while iv(g) reflects the complexity of the program's flow. The n
feature refers to the total number of operators and operants in the program, and | represents the total length
of the program. d indicates difficulty understanding the program and represents the intelligence required to
write or solve problems in the program. e represents the effort required to understand or write the program,
and b represents the total number of bugs in the program. The t feature refers to the time it takes to write a
program, whereas 10code indicates an executable line of code.
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Table 1. Dataset feature

No. Columns Dtype
1 loc float64
2 v(g) float64
3 ev(g) float64
4 iv(g) float64
5 n float64
6 \4 float64
7 1 float64
8 d float64
9 i float64
10 e float64
11 b float64
12 t float64
13 10Code int64
14 10Comment int64
15 10Blank int64
16 locCodeAndComment int64
17 uniq_Op object
18 uniq_Opnd object
19 total_Op object
20 total_Opnd object
21 branchCount object
22 defects bool

Synthetic minority oversampling technique

The first data preprocessing process performed in this experiment is the SMOTE process. SMOTE
(Synthetic Minority Over-sampling Technique) is a method used to handle the problem of class imbalance
in datasets that often occurs in classification problems, especially when the minority class is much less than
the majority class [34]. This imbalance can lead to model bias, where the model is more likely to predict
the majority class than the minority class. SMOTE addresses this issue by generating synthetic samples for
the minority class instead of simply duplicating the data. Synthetic samples are created by selecting the
nearest neighbor of each minority class data point and creating new samples between those points through
interpolation.

Particle swarm optimization

Particle Swarm Optimization (PSO) is a population-based optimization method inspired by the social
behavior of animals, such as birds and fish. In machine learning, PSO is beneficial for optimizing model
hyperparameters, which are essential in model performance and accuracy [35], [36]. The PSO process
involves a group of "particles” representing a potential solution in the search space. Each particle has an
updated position and velocity based on two main components: the best experience ever achieved by the
particle itself (best) and the best experience known to the group (best). The advantage of PSO lies in its
ability to simultaneously explore and exploit solutions, which allows it to find optimal solutions in complex
multidimensional spaces. PSO is also recognized as a relatively easy algorithm to implement, as it requires
only a few parameters to be tuned compared to other optimization algorithms.

Training model

The research method to be used starts with the feature extraction step on the prepared dataset. After the
feature extraction process is complete, the next step is to train the model using three machine learning
algorithms: XGBoost, Random Forest (RF), and Logistic Regression (LogReg). Hyperparameter tuning
uses the RandomizedSearchCV method to improve the model's performance. This method allows for the
best hyperparameter search within a sizeable random search space, thereby reducing computation time
compared to a grid search across the board. Each algorithm will be tested with different parameters to find
the best combination. In this tuning process, three cross-validation (CVs) are carried out using 30 iterations
per CV to ensure the stability and generalization of the model against previously unseen data.

Model evaluation

After completing data training, the final step is to perform model evaluation, which will be conducted using
the confusion matrix method. The confusion matrix consists of True Positives (TP), which represent correct
optimistic predictions; True Negatives (TN), which represent correct pessimistic predictions; False
Positives (FP), which are incorrect optimistic predictions (also known as false alarms); and False Negatives
(FN), which are incorrect pessimistic predictions. Key metrics such as accuracy (01), precision (02), recall
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(03), and F1-score (04) can be calculated from the confusion matrix to assess overall model performance,
identify errors, and improve prediction quality [37], [38].

TP+TN
Accuracy = —————— (D
TP+TN+FP+FN
. . TP
Precision = 2
TP+FP
TP
Recall = 3
TP+FN
PRECISION X RECALL
F1—Score = 2X —————— 4
PRECISION+RECALL

Model evaluation using the confusion matrix is one of the most commonly used methods in machine
learning research, and the reliability of its measurements is widely accepted [39], [40].

RESULTS AND DISCUSSIONS

This research using dataset Software Defect Prediction with Binary Class from Kaggle and Defect column
that contain defect status used as label in this dataset. Results of this research will present an analysis of the
imbalance handling, feature selection process and the evaluation outcomes for each algorithm.

Imbalanced handling

The software defect dataset used has a total value of 101,763 with an unbalanced class distribution, with
78,699 data in the majority class and 23,064 data in the minority class. This distribution imbalance can
negatively affect the prediction model's performance, especially in predicting minority classes, which are
often more susceptible to being ignored by machine learning algorithms. The distribution before
implementing SMOTE is shown in Figure 2.

Class Distribution of Defects Class Distribution After SMOTE
80000 80000
70000 70000
60000 60000
- 50000 " 50000
[ = [=
3 >
8 40000 8 40000
30000 30000
20000 20000
10000 10000
0 0
False True 0 1
Defect Defect
Figure 2. Data distribution before SMOTE Figure 3. Data distribution after SMOTE

The balancing method used in this research is oversampling, where the data of the minority class is
increased until it reaches an amount equivalent to the majority class. This oversampling technique works
by randomly replicating samples from the minority class to equal the total amount of data in both classes.
In this case, after oversampling, the composition of the minority data was adjusted to be equal to the
majority class, which had 78,699 data for each class. Figure 3 showed after the implementation of SMOTE.
The distribution of data after using SMOTE shows improvement, with a more balanced class distribution.
This method allows for a more balanced data distribution, allowing machine learning models to learn more
fairly and be less biased towards the majority class.

Feature selection

In this research, the feature extraction stage using the Particle Swarm Optimization (PSO) algorithm plays
a vital role in the data preprocessing process. PSO was chosen for its ability to optimize feature selection
quickly and efficiently. This algorithm simulates the social behavior of a group of particles moving in the
search space to find the best solution, which, in this case, is the most relevant feature. This process is done
by combining PSO with several classification algorithms, such as Extreme Gradient Boosting (XGB),
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Logistic Regression (LR), and Random Forest (RF). Each combination of these algorithms has different
feature selection results, depending on how each algorithm utilizes the features available in the dataset to
build an accurate and practical model.

Table 2. Feature comparison

XGB PSO LR PSO RF PSO
loc loc loc
v(g) v(g) ev(g)
ev(g) I iv(g)
iv(g) d n

n i \Y
| 10Code |
d I0Comment d
b unig_Op i
I0Comment total_Op b
locCodeAndComment branchCount 10Code
unig_Op I0Comment
unig_Opnd locCodeAndComment
total_Op unig_Op
unig_Opnd
branchCount

Overall, using PSO as a feature selection method proved effective in reducing the dimensionality of the
data and selecting the most relevant features for each classification algorithm. Each algorithm has a
different approach to utilizing features, depending on the characteristics of the model. XGB, which
prioritizes data truncation as a decision tree, tends to select features that are more directly related to code
complexity. As a simpler model, LR focuses on features that provide linear information and can be
translated into superficial relationships between features and targets. With its ensemble power, RF can
handle more varied features and utilize code complexity more comprehensively. Thus, PSO reduces
computation time and significantly improves model performance.

Evaluation

The application of the SMOTE and PSO techniques in this research clearly shows how these two techniques
can improve model performance in detecting software defects. SMOTE overcomes the problem of class
imbalance by adding samples to the minority class so that the model obtains more balanced information
and is not biased towards the majority class. This improves evaluation metrics such as Precision, Recall,
and F1 Score. On the other hand, PSO functions as a feature selection technique that selects the most
relevant features, reduces redundancy and prevents overfitting. Using SMOTE and PSO significantly
improves ensemble algorithms such as Random Forest (RF) and XGBoost (XGB), especially in terms of
accuracy, Precision, Recall, and F1 Score.

Table 3. Evaluation score

Model Accuracy  Precision Recall F1-Score
XGB 81.18% 0.625 0.384 0.476
RF 80.93% 0.616 0.377 0.373
LR 78.63% 0.537 0.286 0.373
XGB_SMOTE_PSO 85.39% 0.908 0.789 0.873
RF_SMOTE_PSO 87.63% 0.901 0.847 0.873
LR_SMOTE_PSO 72.98% 0.772 0.655 0.709

Comparison of each model showed in Table 3. Model comparison. Without the application of SMOTE and
PSO techniques, the evaluation results of the Logistic Regression (LR), Random Forest (RF), and XGBoost
(XGB) models show significant variations in performance. The highest accuracy was achieved by the
XGBoost model with a value of 81.18%, followed by Random Forest at 80.93% and Logistic Regression
at 78.63%. Based on the F1 Score, XGBoost is also superior, with a value of 0.476, followed by Random
Forest and Logistic Regression, which have the same value, 0.373. Regarding Precision, XGBoost has the
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highest value of 0.625, while Random Forest is in second place with 0.616 and Logistic Regression with
0.537. However, in the Recall metric, XGBoost obtained the highest value of 0.384, followed by Random
Forest with a value of 0.377 and Logistic Regression with the lowest value of 0.286. These results show
that ensemble models such as XGBoost and Random Forest, without SMOTE and PSO, tend to perform
better than Logistic Regression, especially in dealing with data synchronization and identifying relevant
features.

By applying the SMOTE and PSO techniques, the performance of the three models shows a significant
improvement, especially the Random Forest (RF) and XGBoost (XGB) models. The highest accuracy was
achieved by Random Forest with a value of 87.63%, followed by XGBoost at 85.39%, while Logistic
Regression (LR) experienced a decrease in accuracy to 72.98%. The F1 Score also shows a significant
increase in Random Forest and XGBoost, amounting to 0.873 and 0.844, respectively, while Logistic
Regression has an F1 Score of 0.709. The highest precision was achieved by XGBoost with a value of
0.908, Random Forest at 0.901 and Logistic Regression at 0.772. Regarding Recall, Random Forest is
superior with a value of 0.847, followed by XGBoost at 0.789 and Logistic Regression at 0.655.

Table 4. Related work comparison

Study Highest Accuracy

This study 87.63%
Shrimankar et al. 2022 [33] 85.08%
Shailee et al. 2024 [32] 82.00%
[41] 80.44%
Khan et al. 2021 [42] 82.02%

Then, compared to the other related work, this proposed method’s highest accuracy model achieved higher
than another model in previous research. Again, it proves that balancing the dataset and selecting the related
feature using SMOTE and PSO are essential to improve model performance. These findings reinforce the
critical role of data preprocessing and feature selection in machine learning pipelines for software defect
prediction. This study outperformed the benchmarks established by prior works by adopting advanced
techniques such as SMOTE and PSO. It set a precedent for future research leveraging these methods to
address similar challenges.

Logistic Regression Performance with and without SMOTE and PSO
0.8 Without SMOTE PSO
m With SMOTE PSO
0.7
0.6
0.5
wn
g
S 0.4
2]
0.3
0.2
0.1
0.0 Accuracy F1 Score Precision Recall
Metrics

Figure 4. Logistic Regression comparison diagram

However, the results obtained from Logistic Regression (LR) in Figure. show a different phenomenon.
When SMOTE and PSO are applied, LR performance especially in accuracy decreases, indicating that the
algorithm does not always benefit from either technique in the context of software defect detection. Several
factors may explain the decline in accuracy and other evaluation metrics in LR. First, Logistic Regression
is an inherently simple algorithm based on the assumption of a linear relationship between a feature and a
target [17], [25]. When SMOTE is used to generate synthetic samples in minority classes, the data
distribution can become more complex, and the linear relationships assumed by LR may no longer be valid
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or can be studied effectively. SMOTE can overfit models on synthetic samples, which often do not fully
reflect the original patterns in the data, leading to poor performance.

CONCLUSION

This research presents a proposed method by adding PSO for feature selection and SMOTE to handle
imbalanced datasets to improve the model's performance in predicting software defects and compare it with
models that do not use. Results of the study proved the proposed method by handling imbalanced dataset
using SMOTE and feature selection using PSO can improve the model of machine learning to predict
software defect in several model. Before the application of SMOTE and PSO techniques, the XGBoost
(XGB) model showed the highest accuracy of 81.18%, followed by Random Forest (RF) with 80.93%, and
Logistic Regression (LR) at 78.63%. XGBoost also excels in the F1 Score with a score of 0.476, while RF
and LR have the same value of 0.373. However, after the implementation of SMOTE and PSO, RF and
XGB performance improved significantly, with RF achieving 87.63% accuracy and XGB 85.39%, while
LR experienced a decrease in accuracy to 72.98%. Overall, the implementation of SMOTE and PSO
significantly improved F1 Score, Precision, and Recall on the RF and XGB models, especially in handling
unbalanced data and feature selection, But interestingly, different results were obtained in the LR model
which showed a decrease after the use of SMOTE PSO. This indicates that although the SMOTE PSO
method is improved in ensemble models, it cannot work optimally for simple algorithms such as logistic
regression. As a further direction of research, it is important to explore more deeply how SMOTE and PSO
techniques can be adapted to simpler models such as logistic regression to avoid performance degradation.
Further research can also investigate combinations of other techniques to address data imbalances and
feature selection that better suits the characteristics of each model.
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