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 Abstract. Ensuring the quality and reliability of software systems is a 
critical challenge, mainly due to the difficulty in accurately predicting 
software defects. Traditional models often struggle with maintaining 
high accuracy across diverse datasets and classifiers. This study 
addresses this challenge by exploring the enhancement of defect 
prediction accuracy by integrating L2 regularisation with feature 
selection and dataset resampling techniques, forming the With Feature 
Selection and Regularization (WFS+RG) model.  

The evaluation was conducted using five classifiers – Multilayer 
Perceptron, Bayes Net, Lazy IBK, J48, and Logistic Regression – applied 
to two datasets, PC1 and JM1, within the Waikato Environment for 
Knowledge Analysis (WEKA). The results indicate that the WFS+RG 
model consistently outperforms the traditional model With Feature 
Selection WFS only across most classifiers. Specifically, on the PC1 
dataset, Lazy IBK achieved an accuracy of 97.29%, J48 reached 95.67%, 
and Multilayer Perceptron obtained 94.40%. Bayes Net and Logistic 
Regression also showed strong performances with 91.25 and 93.86% 
accuracy, respectively. On the JM1 dataset, Lazy IBK demonstrated 
significant improvement with an accuracy of 90.21%, while J48 and 
Multilayer Perceptron achieved 84.92 and 81.02%, respectively. Bayes 
Net and Logistic Regression reported 76.93 and 81.10% accuracy, 
respectively. However, the improvements are not uniform across all 
classifiers, with some showing minimal change. Statistical analysis 
conducted via Minitab confirms the robustness and significance of the 
WFS+RG model's impact, underscoring its potential as a more practical 
approach in software defect prediction tasks. 

Keywords: Software Defect Prediction; Machine Learning Classifiers; L2 
Regularization; Dataset Resampling; Feature Selection. 

 

 

INTRODUCTION 

Software defects, commonly referred to as bugs or 
errors, can significantly impact the quality and 
functionality of software systems. Enhancing pro-
cess quality to control and minimise these faults is 
crucial. One effective way to achieve this is by im-
plementing reliable software development pro-
cesses and best practices [1]. Defects may arise 
from various sources, including programming er-
rors and poor design choices, and can lead to mal-
functions or unintended outcomes [2]. Testing is a 
costly aspect of software development, and 

addressing defects during this phase can further 
escalate costs and extend project timelines. Iden-
tifying defective modules during the development 
phase before testing can help reduce these testing 
costs [3]. If defects are not detected early, they 
may lead to software failures, which can cause 
user dissatisfaction, reduced efficiency, financial 
setbacks, and damage to a company's reputa-
tion [4]. Various quality assurance measures are 
employed to mitigate these risks and improve 
software quality, such as code reviews, unit test-
ing, integration testing, and system testing. 
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However, these practices can consume up to 80% 
of a project's budget [5]. 

Software defect prediction (SDP) often utilises re-
gression and classification techniques. Regression 
methods are employed to forecast the number of 
software defects [6]. Various regression models 
have been explored in the literature for SDP [7–
10]. On the other hand, classification methods 
help determine whether a software module is de-
fective. These methods have shown promise in 
optimising features and identifying patterns in 
software code, providing a reliable solution for ac-
curate defect prediction across different da-
tasets [11]. SDP uses machine learning classifiers 
and historical data from previous projects to iden-
tify defect-prone software modules [12]. Predic-
tion models are trained on data from mining his-
torical software repositories [13]. These models 
analyse various attributes of software modules 
and recognise patterns that indicate potential de-
fects. By accurately identifying defect-prone mod-
ules, SDP enables software practitioners to allo-
cate their limited testing resources more effec-
tively, thereby reducing the risk of software fail-
ures. The primary goal of these prediction models 
is to identify as many defect-prone modules as 
possible [14]. 

The SDP process involves three primary steps: 
gathering a historical defect dataset, training a 
model by employing machine-learning tech-
niques for classification or regression tasks with 
the historical data, and using the trained model to 
forecast the number or probability of software de-
fects [15]. However, imbalanced learning poses a 
significant challenge in SDP, as software defect da-
tasets tend to be highly skewed, with a small pro-
portion representing defective modules and the 
majority comprising non-defective ones. Machine 
learning algorithms trained on these imbalanced 
datasets may become biased towards non-defec-
tive instances, leading to the misclassification of 
defective instances and reduced accuracy [16, 17]. 
To improve prediction accuracy, researchers have 
explored various algorithms, including Extended 
Nearest Neighbor (ENN), Consolidated Tree Con-
struction (CTC), K-Nearest Neighbors (KNN) [18], 
Bayesian methods [19], J48 Decision Tree (DT) 
[20], Naïve Bayes (NB), Support Vector Machine 
(SVM), Random Forest (RF) [21], Linear Classifi-
ers (LC) [22], Adaboost [7], XGBoost (XGB) and 
Bayesian Network Model (BNM) [23]. While these 
methods have significantly advanced the field of 
SDP, there remains room for improvement, par-
ticularly in addressing performance metrics like 

accuracy. Machine-learning models often struggle 
with highly imbalanced data in real-world scenar-
ios, significantly impacting the SDP model's over-
all accuracy [17]. 

 

Literature Review 

Authors [24] explored defect identification using 
five NASA datasets (JM1, CM1, KC1, KC2, and PC1). 
Various machine-learning algorithms, such as 
Bayesian Net, Logistic Regression, Multilayer Per-
ceptron, Ruler Zero, J48, Lazy IBK, Support Vector 
Machine, Neural Networks, Random Forest, and 
Decision Stump were employed for feature selec-
tion to achieve optimal accuracy. The results of 
their findings show that Logistic Regression 
demonstrated the highest accuracy at 93%, and 
Bayesian Net exhibited an average accuracy in-
crease of 8% through feature selection. Thus, the 
problem of imbalanced data is not considered to 
ensure the reliability of the model's accuracy.  

Authors [23] examined various machine learning 
(ML) methods for predicting software defects 
across seven commonly utilised datasets. The ML 
techniques considered encompassed Multilayer 
Perceptron (MLP), Support Vector Machine 
(SVM), Decision tree (J48), Radial Basis function 
(RBF), Random Forest (RF), Hidden Markov 
Model (HMM), Credal Decision Tree (CDT), K-
nearest neighbour (KNN), Average one depend-
ency estimator (ADE), and Naïve Bayes (NB). Per-
formance evaluation involves multiple metrics, in-
cluding accuracy. The findings revealed that Ran-
dom Forest (RF) achieved the highest average ac-
curacy at 88.32%, followed by Support Vector Ma-
chine (SVM) with an average accuracy of 87.99%. 
However, the study focuses on a predefined set of 
ML techniques, potentially overlooking newer or 
specialised algorithms that may offer superior 
performance in defect prediction tasks. 

Authors [25] compared different machine learn-
ing models for Software Defect Prediction (SDP) 
using NASA Metrics Data Program (MDP) da-
tasets. Their study evaluated traditional machine 
learning models such as K-nearest neighbours (k-
NN), Decision Trees (DT), Logistic Regression 
(LR), Linear Discriminant Analysis (LDA), Single 
Hidden Layer Multilayer Perceptron (SHL-MLP), 
and Support Vector Machine (SVM) for their abil-
ity to predict software defects accurately. The ex-
perimental results showed that K-NN, SVM, and 
SHL-MLP are the most effective algorithms for 
SDP, achieving the highest accuracy, precision, 
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recall, and F1 scores on multiple datasets. How-
ever, the effectiveness of hyper-parameter tuning 
and SMOTE oversampling may depend on dataset 
characteristics and may not always result in im-
proved model performance. 

Authors [26] investigate different techniques for 
Software Fault Prediction (SFP) and evaluate the 
performance of seven ensemble techniques: Dag-
ging, Decorate, Grading, MultiBoostAB, RealAda-
Boost, and Rotation Forest. The experiment uti-
lises three classification algorithms (naive Bayes, 
logistic regression, and J48) as base learners for 
the ensemble techniques. Rotation Forest with 
J48 as the base learner achieves the highest accu-
racy. However, these methods may be impacted 
by the fault datasets' attributes and the founda-
tional learner's selection.  

The author [18] employed a stacked ensemble 
with a hierarchical approach, combining multiple 
models to handle class imbalance and enhance the 
performance of Software Defect Prediction (SDP) 
classifiers. The stacked ensemble comprised three 
weak classifiers (KNN, NB, DT) and two robust 
classifiers (ANN, SVM). The experiment was con-
ducted using the publicly available NASA corpus. 
The findings revealed that Goyal's proposed 
stacked ensemble model demonstrated superior 
performance to the baseline models, specifically 
in the Area Under the Curve (AUC) and accuracy 
metrics. However, the findings are constrained to 
a singular dataset, posing challenges in drawing 
comprehensive conclusions. 

Authors [27] conducted a systematic literature re-
view on studies from 1990 to June 2019 focusing 
on software fault prediction (SFP) utilising ma-
chine learning and statistical methods. The study 
reveals that machine-learning techniques gener-
ally outperform classical statistical models in SFP. 
However, the focus on studies from 1990 to June 
2019 does not encompass all recent develop-
ments and advancements in SFP.  

Authors [14] conducted a survey focusing on deep 
learning methodologies for defect prediction, re-
viewing recent research in the field. They ob-
served the lack of universally recognised standard 
benchmarks for defect prediction. They high-
lighted the challenge posed by variations in per-
formance metrics and datasets across different 
studies, making it challenging to determine the 
most effective models. 

Authors [28] used a regularisation model and op-
timisation to predict the hourly air pollution 

concentration based on meteorological data of 
previous days by formulating the prediction over 
24 has a Multi-Task Learning (MTL) problem. The 
experiments have shown that their proposed 
method achieved outstanding results. 

Authors [29] have applied regularisation tech-
niques in conjunction with other models in the 
medical domain to predict cancer diagnosis based 
on descriptions of nuclei extracted from breast 
masses. The trained algorithms achieved a high 
accuracy rate of approximately 94% to 96% in 
classifying cell nuclei.  

Authors [30] applied various Software Defect Pre-
diction (SDP) approaches, including the K-Means 
methodology, Support Vector Machines (SVM) 
linear, Random Forest (RF), and Multilayer Per-
ceptron (MLP) algorithms. The evaluation of their 
proposed defect prediction models involved a 
comprehensive assessment using metrics such as 
false alarm rate, precision, and detection rate. The 
outcomes revealed consistently high accuracy 
across all the techniques utilised. 

Authors [31] examined the effect of the Synthetic 
Minority Over-sampling Technique (SMOTE) as a 
base classifier on the Adaptive boost ensemble 
system with J48. The result showed that SMOTE 
improved the ensemble method on four NASA da-
tasets by boosting accuracy and other metrics. Ad-
ditionally, they noted that highly imbalanced class 
distributions within datasets had a detrimental 
impact on the effectiveness of classification meth-
ods. The problem with this method is the issue of 
overfitting and inflation of performance metrics. 

Authors [19] examined the effectiveness of Minor-
ity Clustering SMOTE (MC-SMOTE), which in-
volves clustering minority class samples to en-
hance imbalance classification performance. 
Their classification results indicated that MC-
SMOTE demonstrates superior performance com-
pared to traditional SMOTE. But, suffer from over-
fitting problem. 

The author [20] evaluated hybrid ensemble and 
machine learning classifiers across eight 
PROMISE datasets. The findings indicated that 
AdaBoost support vector machines and bagging 
SVM outperformed other models in terms of met-
rics such as Accuracy, Area under the Curve, recall, 
and F-measure. However, the study does not pro-
vide detailed insights into the specific characteris-

tics of the PROMISE datasets used for evaluation. 

Authors [28] proposed a defect prediction frame-
work named Defect Prediction via Convolutional 
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Neural Network (DP-CNN). It employs Convolu-
tional Neural Networks (CNN) to automatically 
extract features from source code while retaining 
both semantic and structural information. Their 
scheme also incorporates word embedding to in-
tegrate CNN-learned features with traditional 
handcrafted features to enhance software defect 
prediction. Their results indicate DP-CNN en-
hances defect prediction compared to DBN-based 
and traditional features-based techniques by 12% 
and 16%, respectively, in terms of accuracy and F-
measure. However, the study lacks a detailed 
comparison with existing defect prediction, mak-
ing it challenging to assess its novelty. 

Authors [21] used five datasets, namely PC3, 
MW1, KC1, PC4, and CM1, with the weka simula-
tion tool and hybridised approach that includes 
the Principal Component Analysis (PCA), Random 
Forest, Naïve Bayes and the Support Vector Ma-
chine to address the problem of imbalance da-
tasets. Evaluation metrics such as accuracy, preci-
sion, recall, and recognition accuracy, among oth-
ers, were analysed, suggesting that these methods 
offer valuable predictive capabilities. Still, their 
approach did not consider the data imbalance is-
sue, making it difficult to assess their metrics ob-
jectively. 

Authors [21] conducted a study to enhance the 
performance of software defect prediction models 
by employing various machine learning (ML) 
techniques and optimising them using a publicly 
available dataset. The findings revealed signifi-
cant performance improvements in both ML and 
optimised ML models. Support Vector Machine 
(SVM) and optimised SVM models exhibited ex-
ceptional accuracy rates. However, the study 
failed to address the impact of imbalanced data on 
the model performance. 

Authors [33] utilised the Genetic Algorithm (GA) 
for feature selection from the dataset. They imple-
mented a decision tree (DT) framework to fore-
cast software defects within their hybrid machine 
learning-based approach to software defect pre-
diction. The classification performance, particu-
larly concerning accuracy and recall, demon-
strated an improved result. Nevertheless, data im-
balance remains an unresolved challenge in their 
work. 

Authors [34] used a fuzzy rule-based approach to 
predict software modules with defects by apply-
ing different classifiers. They evaluated the per-
formance of these classifiers and determined that 
the prediction accuracy varied across different 

datasets. However, the study does not provide de-
tailed insights into the specific datasets used for 
experimentation or the characteristics of these 
datasets. 

Authors [35] introduced a novel methodology. 
They employed a feature selection technique 
alongside machine-learning methods on five da-
tasets from the NASA repository: JM1, KC1, PC1, 
CM1 and KC2. The objective was to reduce com-
plexity and eliminate irrelevant or erroneous 
data, ultimately aiming to augment prediction ac-
curacy. The findings from their research indicated 
an enhancement in the accuracy of defect predic-
tion when utilising feature selection (WFS) com-
pared to the accuracy without feature selection 
(WOFS). However, a significant limitation in this 
study is the absence of consideration for the chal-
lenges posed by imbalanced data in their datasets 
and potential overfitting. 

Authors [36] significantly improved software de-
fect prediction accuracy. They employ a hybrid 
heterogeneous ensemble approach for software 
defect prediction, utilising a diverse set of classifi-
ers including k-Nearest Neighbour (k-NN), Naive 
Bayes (NB), Decision Trees (DT), Bagging, Adap-
tive Boosting (AdaBoost), Random Forest (RF), 
and XGBoost (XGB). Additionally, the study incor-
porates the k-means clustering algorithm to seg-
ment the training data into clusters. Furthermore, 
the cross-validation methodology is utilised to 
train and assess the classification algorithms on 
each cluster, aiming to identify the most appropri-
ate and specialised model for each cluster. But, de-
spite the great strides recorded, the clustering al-
gorithm used in the study has apparent inade-
quacy. The techniques cannot automatically iden-
tify the optimal quantity of clusters for each da-
taset without manual intervention. This can affect 
the accuracy, efficiency, and robustness of cluster-
ing results.  

 

METHODOLOGY 

This segment outlines the working principle of the 
existing model and its shortcomings and intro-
duces the proposed framework along with its op-
erational principles.  

Working principle of the existing model. In their in-
novative method for enhancing software defect 
prediction accuracy, [36] used the feature selec-
tion method that combines Supervised, Unsuper-
vised, and Semi-Supervised learning principles 
within a SDP framework, aiming to identify and 



Path of Science. 2024. Vol. 10. No 9   ISSN 2413-9009 

Section “Engineering, Manufacturing, and Construction”    3032 

select the most relevant subset of features from a 
dataset, to improve model performance. The Su-
pervised Component uses labelled data to evalu-
ate the relevant features through a filtering tech-
nique. Likewise, the Unsupervised Component 
operates on the complete dataset, identifying fea-
tures that capture inherent structure using a 
method based on clustering-based selection and 
utilising the integrated components results in a 
subset that improves the learning process. The fi-
nal element of their framework, the Semi-Super-
vised component, leverages labelled (Supervised) 
and unlabeled (Unsupervised) data to create or 
reconstruct new data points from the original da-
tasets. By optimising and integrating the outputs 
from all these components, the SDP framework 
aims to improve predictive accuracy. However, in-
tegrating multiple components, such as the super-
vised, unsupervised, and semi-supervised meth-
ods, can increase computational complexity, cre-
ate high costs, and increase the potential for over-
fitting. Additionally, the model did not consider 
the critical aspect of data imbalance, a crucial fac-
tor in attaining dependable predictive accuracy. 
The operational mechanism of the current model 
is depicted in Figure 1.  

 

 

Figure 1 – Feature Selection Framework [36] 

 

Weaknesses of the existing model. An extensive re-
view of the existing model revealed certain defi-
ciencies in the current model, indicating areas that 
warrant further investigation. While existing 
models have made significant strides in enhanc-
ing predictive accuracy, they are not without 
weaknesses. Specifically, they include: 

The feature selection framework proposed by 
[36] specifically used Logistic Regression, Bayes 
Net, Multilayer Perceptron (MLP), J48, Decision 
Stump, Random Forest (RF), Support Vector Ma-
chine (SVM), Lazy IBK, and Rule ZeroR algorithms. 
This diverse set of algorithms contributed to in-
creased computational complexity, high costs and 
the potential for overfitting.  

The model did not consider the critical aspect of 
data imbalance, a crucial factor in attaining de-
pendable predictive accuracy.  

The Proposed Framework Analysis. As illustrated 
in Figure 2, the proposed framework serves as a 
comprehensive blueprint for the subsequent dis-
cussion and analysis in this context.  

 

 

 

Figure 2 – Proposed Framework 

 

Working principle of the proposed framework. This 
section presents the operational framework out-
lined in Figure 2. Building upon the existing model 
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by [36], our proposed framework extends its 
work by incorporating two key components: reg-
ularisation and resampling techniques. The goal 
of this integration is to enhance the accuracy of 
the existing model. The methodology involved us-
ing a machine learning tool called the Waikato En-
vironment for Knowledge Analysis (WEKA) to in-
tegrate L2 regularisation with feature selection 
and dataset resampling. Statistical analysis of the 
results was then conducted using the Minitab tool. 
Bold caption boxes visually represent this aug-
mentation in the diagram. The proposed frame-
work begins with an input dataset (Original data) 
comprising labelled, unlabeled, and partially la-
belled samples. These techniques evaluate feature 
relevance based on labelled data, identify features 
capturing essential data structures, and select the 
most relevant features. 

Next, the framework is extended by incorporating 
regularisation with resampling methods into the 
feature selection process. Regularisation adds a 
penalty term to the loss function, which helps 
manage model complexity and reduce overfitting. 
The penalty takes the form of the absolute value 
of the coefficient magnitudes (L1 regularisation), 
as shown in equation 1 below: 

 

Cost = 
1

𝑛
 ∑ (𝒏

𝒊=𝟏 yi –𝑦^ ) 2 +λ ∑  𝑴
𝒊=𝟏  ∣Wi∣  (1) 

where M – quantity of features; n – number of 
samples in the dataset; y^ = predicted target value 
for the i-th sample; yi = actual target value for the 
i-th sample; λ = regularisation parameter. 

 

Additionally, regularisation includes the squared 
magnitude of the coefficients (L2 regularisation), 
as shown in equation 2 below: 

 

Cost = 
1

𝑛
 ∑ (𝒏

𝒊=𝟏 yi –𝑦^ ) 2 +λ ∑  𝑴
𝒊=𝟏  𝑊𝑖

2  (2) 

 

L2 regularisation mitigates the problem of overfit-
ting, which occurs when a model becomes too 
complex and captures noise in the training data 
rather than the underlying pattern. Overfitting 
can lead to poor generalisation of unseen data. 
This issue is addressed by adding a penalty pro-
portional to the sum of the squared coefficients of 
the features in the model. The penalty discourages 
the model from assigning large weights to any one 
feature, effectively shrinking the coefficients of 

less essential features. As a result, the model be-
comes more straightforward and less prone to 
overfitting, leading to better generalisation and 
improved accuracy on new data. 

On the other hand, the resampling technique is ap-
plied to improve model accuracy by addressing 
the issue of class imbalance, which is common in 
software defect prediction datasets. This integra-
tion aims to manage model complexity, reduce 
overfitting during feature selection, and address 
class imbalance. The framework then generates a 
subset of selected features based on the regular-
ised model, promoting selecting informative fea-
tures while discarding less relevant ones. The sub-
sequent phase involves evaluating the perfor-
mance of the selected feature subset using the tar-
get accuracy metrics and validation techniques on 
the WEKA software environment. The feature se-
lection process iterates with different regularisa-
tion techniques to optimise performance, contin-
uing until a predefined stopping criterion is met. 
Finally, the framework concludes by finalising the 
selected feature subset for subsequent modelling, 
resulting from the feature selection process sup-
ported by regularisation and resampling tech-
niques. 

 

RESULTS AND DISCUSSION 

This section discusses the performance of the pro-
posed feature selection, L2 regularisation, and 
resampling techniques to enhance the accuracy of 
software defect prediction models. The evaluation 
was conducted using various classifiers within the 
WEKA (Waikato Environment for Knowledge 
Analysis) framework, and the results were ana-
lysed using Minitab software. The proposed tech-
nique was first tested on benchmark datasets 
from the NASA PROMISE repository. The results 
were then compared with those of existing tech-
niques. This research employed five classifiers - 
Multilayer Perceptron, Bayes Net, Lazy IBK, J48, 
and Logistic Regression – and two datasets from 
the PROMISE repository: JM1 and PC1. Based on 
the specified classifiers, the results of defect pre-
diction accuracy using feature selection and L2 
regularisation for the PC1 and JM1 datasets are 
presented in Tables 1 and 2. Figures 1 and 2 pro-
vide performance charts for each dataset. The ac-
curacy results for the Feature Selection called 
With Feature Selection WFS model are taken from 
[36]. In contrast, the proposed model, which inte-
grates feature selection, regularisation, and 
resampling techniques, is referred to as WFS+RG. 
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Table 1 – Defect prediction accuracy WFS+RG for PC1 
Classifier 
 

Dataset Accuracy 
WFS+RG in % 

Multilayer Perceptron PC1 94.40 
Bayes Net PC1 91.25 
Lazy IBK PC1 97.29 
J48 PC1 95.67 
Logistic Regression PC1 93.86 

 

Table 1 presents the accuracy results of defect 
prediction for different classifiers using the PC1 
dataset, as detailed in Table 1. The results demon-
strate a significant accuracy improvement when 
applying the proposed feature selection, L2 regu-
larisation (WFS+RG), and resampling techniques 
on the PC1 dataset. Lazy IBK emerged as the top 
performer with an accuracy of 97.29%, followed 
by J48 at 95.67% and Multilayer Perceptron at 
94.40%. Bayes Net also delivered a solid perfor-
mance, achieving 91.25% accuracy. These find-
ings highlight the effectiveness of the proposed 
method in enhancing the predictive accuracy of 
SDP models across various classifiers. 

 

Table 2 – Defect prediction accuracy WFS+RG for 
JM1 
Classifier Dataset Accuracy 

WFS+RG in % 
Multilayer Perceptron JM1 81.02 
Bayes Net JM1 76.93 
Lazy IBK JM1  90.21 
J48 JM1 84.92 
Logistic Regression JM1 81.10 

  

  

Based on the results in Table 2 Lazy IBK once 
again demonstrates the best performance, achiev-
ing an accuracy of 90.21% on the JM1 dataset, un-
derscoring its robustness across different da-
tasets when paired with the WFS+RG model. Fol-
lowing Lazy IBK, J48 and Logistic Regression also 
show strong results, with 84.92% and 81.10% ac-
curacy, respectively. However, the Bayes Net clas-
sifier exhibits the lowest performance on this da-
taset, with an accuracy of 76.93%. 

Table 3 compares results for the PC1 dataset using 
the WFS technique. The results indicate modest 
accuracy improvements across most classifiers 
when using the WFS+RG technique compared to 
WFS alone. 

Table 3 – Comparison with (WFS) on PC1 

Classifier 
Data 
Set 

Accuracy 
WFS 

Accuracy 
WFS+RG 

Multilayer 
Perceptron 

PC1 93.77 94.40 

Bayes Net PC1 91.70 91.25 
Lazy IBK PC1 91.88 97.29 
J48 PC1 93.32 95.67 
Logistic 
Regression 

PC1 93.32  93.86  

 

For example, the WFS+RG model slightly outper-
forms the base WFS model, with a 0.63% accuracy 
improvement in the Multilayer Perceptron classi-
fier. This suggests that the resampling and feature 
selection in the WFS+RG model enhance the 
MLP's generalisation ability by reducing overfit-
ting and emphasising more relevant features. 
However, the Bayes Net classifier experiences a 
slight decrease in accuracy with the WFS+RG 
model, dropping by 0.45%. This decrease may re-
sult from the resampling technique introducing 
variations that do not align well with the model. 

In contrast, the Lazy IBK classifier substantially 
improved 5.41% with the WFS+RG model. Simi-
larly, the J48 classifier benefits from a 2.35% ac-
curacy increase, likely due to better generalisation 
and reduced overfitting after feature selection and 
resampling. Finally, Logistic Regression sees a 
modest improvement of 0.54% with the WFS+RG 
model. 

 

Table 4 – Comparison with (WFS) on JM1 
Classifier Data Set Accuracy 

WFS 
Accuracy 
WFS+RG 

Multilayer 
Perceptron 

JM1 81.08 81.02 

Bayes Net JM1 75.17 76.93 
Lazy IBK JM1 76.38  90.21 
J48 JM1  81.11  84.92 
Logistic 
Regression 

JM1 80.94 81.1  

 

The comparison of results for the JM1 dataset is 
presented in Table 4. The MLP classifier shows a 
negligible decrease in accuracy, dropping by just 
0.06% with the WFS+RG model. In contrast, Bayes 
Net sees a 1.76% improvement with the WFS+RG 
model. Notably, Lazy IBK experiences a dramatic 
13.83% accuracy increase, underscoring the ef-
fectiveness of the WFS+RG approach in refining 



Path of Science. 2024. Vol. 10. No 9   ISSN 2413-9009 

Section “Engineering, Manufacturing, and Construction”    3035 

the dataset. The J48 classifier also benefits from a 
3.81% improvement with the WFS+RG model. 
Lastly, Logistic Regression shows a minor 0.16% 

improvement, consistent with its performance on 
the PC1 dataset. 

 

 

Figure 5 – Comparison on JM1&CM1 data set utilising different classifiers (proposed method (WFS+RG) and 
(WFS)) 

 

The comparison between the base WFS model 
and the proposed WFS+RG model across two da-
tasets (PC1 and JM1) reveals several key insights 
into the efficacy of the WFS+RG approach in en-
hancing Software Defect Prediction (SDP) accu-
racy. The most notable improvement is observed 
with the Lazy IBK classifier, where the proposed 
WFS+RG model boosts accuracy from 91.88% to 
97.29% on the PC1 dataset and by an impressive 
13.83% on the JM1 dataset. The J48 classifier also 
shows considerable improvement, gaining 2.35% 
accuracy on the PC1 dataset and 3.81% on the JM1 
dataset. 

Multilayer Perceptron and Logistic Regression 
demonstrate modest improvements with the 
WFS+RG model, indicating that while the model 
provides some benefit, the gains are not as sub-
stantial as those seen with Lazy IBK or J48. Bayes 
Net presents mixed results, with a slight decrease 
in accuracy on the PC1 dataset and a minor im-
provement on the JM1 dataset. 

In general, the WFS+RG model surpasses the WFS 
model in performance across most classifiers, es-
pecially with the PC1 dataset, where improved 
feature selection and resampling techniques con-
tribute to better generalisation and reduced over-
fitting. Although the WFS+RG model typically en-
hances accuracy on the JM1 dataset, the results 
are more inconsistent. The significant improve-
ment observed with Lazy IBK, compared to the 
minimal changes in other classifiers, indicates 
that the dataset's complexity or noise might im-
pact the effectiveness of the WFS+RG model. In 
conclusion, the WFS+RG model outperforms the 
base WFS model, particularly for classifiers like 
Lazy IBK and J48. This indicates that the inte-
grated approach of L2 regularisation, feature se-
lection, and resampling in WFS+RG enhances the 
predictive accuracy of these classifiers. 
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CONCLUSIONS  

The integration of L2 regularisation, feature selec-
tion, and resampling techniques within the 
WFS+RG model has shown considerable promise 
in enhancing software defect prediction accuracy 
across various classifiers and datasets. This com-
bined approach provides a more robust frame-
work for addressing the complexities and varia-
bilities inherent in software defect datasets. Key 
findings highlight that WFS+RG is particularly ef-
fective in improving the performance of classifiers 
such as Lazy IBK and J48. The model's ability to 
refine feature selection and balance datasets 
through resampling results in more accurate pre-
dictions, as evidenced by the significant accuracy 
gains observed with these classifiers. This sug-
gests that the WFS+RG model effectively reduces 
noise and eliminates irrelevant features, leading 
to better generalisation and a lower risk of over-
fitting. However, the effectiveness of the WFS+RG 
model is not uniform across all classifiers and 

datasets. While it consistently enhances perfor-
mance, the degree of improvement varies de-
pending on the classifier and the specific dataset. 
For example, Bayes Net exhibits mixed results, in-
dicating that the benefits of WFS+RG may be con-
text-dependent, requiring careful consideration of 
the underlying data structure and the characteris-
tics of the classifier. 

Overall, the WFS+RG model offers a promising ap-
proach to software defect prediction by providing 
a balanced and refined feature set that enhances 
predictive accuracy. Its successful application 
across multiple classifiers and datasets under-
scores its versatility and potential as a standard 
approach in software defect prediction tasks. Fu-
ture research could explore further optimisations 
and extensions of this model, potentially incorpo-
rating additional machine-learning techniques to 
improve its adaptability and performance across 
diverse datasets. 
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