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ABSTRACT reducing maintenance costs by identifying

fault-prone  modules early in the

Software defect prediction plays a critical development lifecycle Traditional

role in improving software quality and machine learning models often suffer from
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limited generalization capability when
applied to diverse and imbalanced
software datasets. To address these
challenges, this study proposes a hybrid
approach for software defect prediction

using a stacking ensemble technique.

The proposed method integrates multiple
base learners—such as Decision Trees,
Random Forest, Support Vector Machines,
and Gradient Boosting—at the first level
to capture diverse patterns in software
metrics. Their predictions are then
combined using a meta-learner, typically
Logistic Regression or XGBoost, which
learns to optimally aggregate the outputs
Additionally,

preprocessing techniques such as data

of base models.
normalization, feature selection, and
handling class imbalance using methods
like SMOTE are incorporated to enhance

model performance.

Experimental evaluation is conducted on
benchmark software defect datasets,
demonstrating that the stacking ensemble
approach outperforms individual
classifiers and traditional ensemble
methods in terms of accuracy, precision,
recall, and Fl-score. The hybrid model
shows  improved robustness  and
generalization  capability, making it
software

suitable for real-world

engineering applications.
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. INTRODUCTION

In modern software engineering, ensuring
high-quality and reliable software systems
is a major challenge due to increasing
system complexity, rapid development
cycles, and evolving user requirements.
Software defects, if not identified and
addressed early, can lead to system
failures, increased maintenance costs, and
reduced customer satisfaction. Therefore,
software defect prediction has emerged as
a crucial research area aimed at identifying
fault-prone  modules during the early
stages of the software development life

cycle.

Software  defect prediction utilizes
historical project data and software
metrics—such as code complexity,
coupling, cohesion, and size—to build
predictive models that classify modules as
defective or non-defective. Traditional
approaches rely on single machine
learning algorithms like Decision Trees,
Naive Bayes, or Support Vector Machines.
While these models have shown promising
results, they often struggle with issues
such as overfitting, sensitivity to noisy
data, and poor performance on imbalanced
datasets, which are common in real-world

software projects.
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To overcome these limitations, ensemble
learning techniques have been widely
adopted. Methods such as bagging and
boosting improve prediction performance
by combining multiple models. However,
these approaches still have constraints in
effectively capturing diverse patterns
across datasets. In this context, stacking
ensemble learning offers a more advanced
strategy by

integrating multiple

heterogeneous  base  learners  and
leveraging a meta-learner to make final
predictions.  This layered approach
enhances generalization capability and

reduces bias and variance.

This paper proposes a hybrid approach to
software defect prediction using a stacking
ensemble framework. The model combines
multiple classifiers at the base level and
employs a meta-classifier to optimize
prediction accuracy. Furthermore,
preprocessing techniques such as feature
selection, normalization, and class
imbalance handling are incorporated to
improve data quality and model
performance. The proposed approach aims
to provide a more accurate, robust, and
scalable solution for defect prediction,
ultimately  contributing to improved
software quality and reduced development

Ccosts.
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The remainder of this paper is organized as
follows: Section Il reviews related work,
Section Il describes the proposed
methodology,  Section IV  presents
experimental results and discussion, and
Section V concludes the study with future

research directions.

Il. LITERATURE REVIEW

Software defect prediction has been
extensively studied in the field of software
engineering, with researchers exploring
various machine learning and data mining
techniques to improve prediction accuracy
and reliability. Early studies primarily
focused on traditional statistical and
machine learning models such as Logistic
Regression, Naive Bayes, Decision Trees,
and Support Vector Machines. These
methods utilized software metrics like
Lines of Code (LOC), cyclomatic
complexity, and object-oriented metrics to
identify defect-prone modules. Although
these approaches provided a solid
foundation, their performance was often
limited when dealing with complex and

imbalanced datasets.

Subsequent  research  shifted toward
ensemble learning techniques to overcome
the limitations of single classifiers.
Methods such as Bagging and Boosting,
including Random Forest and AdaBoost,
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demonstrated improved performance by
combining multiple models to reduce
variance and bias. Random Forest, in
particular, gained popularity due to its
robustness and ability to handle high-
dimensional data. However, these
ensemble techniques still relied on
homogeneous or  sequential  model
structures, which sometimes restricted
their ability to fully capture diverse data

patterns.

To further enhance prediction
performance, hybrid models integrating
multiple machine learning algorithms were
introduced. Researchers combined
clustering with classification, feature
selection  with  classification, and
optimization techniques with predictive
models. These hybrid approaches showed
better adaptability and improved accuracy
compared to  standalone  models.
Additionally, feature selection techniques
such as Genetic Algorithms, Principal
Analysis  (PCA), and

Information Gain were applied to reduce

Component
dimensionality and improve model

efficiency.

More recently, stacking ensemble learning
has emerged as an advanced technique for
software defect prediction. In stacking,
multiple heterogeneous base learners are

trained, and their outputs are used as inputs
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to a meta-learner, which produces the final
prediction. Studies have shown that
stacking outperforms traditional ensemble
methods by effectively leveraging the
strengths of different models. Researchers
have successfully applied stacking with
combinations of classifiers such as
Decision Trees, Support Vector Machines,
Neural Networks, and Gradient Boosting,
achieving higher predictive accuracy and

better generalization.

Another important aspect highlighted in
the literature is the issue of class
imbalance, as defective modules are often
significantly fewer than non-defective
ones. Techniques such as Synthetic
Minority ~ Over-sampling  Technique
(SMOTE), undersampling, and cost-
sensitive learning have been widely used
to address this problem. These methods
help improve recall and F1-score,
especially for the minority (defective)

class.

Despite significant advancements,
challenges remain in developing highly
generalized  models  that  perform
consistently across different datasets and
project domains. Many existing models
still suffer from overfitting and lack
robustness when applied to unseen data.
This motivates the need for more effective

hybrid approaches, such as the proposed
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stacking ensemble model, which combines
diverse  learners and preprocessing
strategies to achieve improved prediction

performance and scalability.

1. METHODOLOGY

The proposed hybrid approach for
software defect prediction is built on a
stacking ensemble  framework that
combines multiple machine learning
models to enhance prediction accuracy and
robustness. Initially, benchmark datasets
such as those from NASA MDP and the
PROMISE

containing various software metrics like

repository are utilized,
code complexity, size, coupling, and
cohesion, along with defect labels. The
collected data undergoes a comprehensive
preprocessing phase where missing values
are  handled  through imputation
techniques, and features are normalized or
standardized to ensure consistency. To
improve  model efficiency, feature
selection methods such as correlation
analysis or Information Gain are applied to
remove irrelevant  attributes.  Since
software defect datasets are often
imbalanced, techniques like Synthetic
Minority

(SMOTE) are used to balance the class

Over-sampling  Technique

distribution and improve minority class

prediction.
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Following preprocessing, multiple
heterogeneous base learners—including
Decision Tree, Random Forest, Support
Vector Machine (SVM), and Gradient
Boosting—are trained independently to
capture diverse patterns in the data. To
prevent overfitting and ensure reliable
predictions, Kk-fold cross-validation is
employed during training. The stacking
ensemble is then constructed by using the
predictions of these base models as input
features for a meta-learner. Specifically,
the dataset is divided into several folds,
where base models are trained on a subset
and validated on the remaining portion to
generate out-of-fold predictions. These
predictions form a new dataset known as
meta-features, which are used to train a
higher-level model such as Logistic
Regression or XGBoost. The meta-learner
effectively learns how to combine the
outputs of base learners to produce the

final prediction.

Finally, the performance of the proposed
model is evaluated using standard
classification metrics such as accuracy,
precision, recall, F1-score, and ROC-AUC.
A comparative analysis is conducted to
assess the effectiveness of the stacking
ensemble against individual classifiers.
The entire system is implemented using
Python with libraries such as Scikit-learn,

Pandas, NumPy, and Imbalanced-learn,
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ensuring  efficient  processing  and
scalability. This methodology leverages
both data preprocessing and ensemble
learning to provide a more accurate and
reliable solution for software defect

prediction.

IV.SYSTEM ARCHITECTURE
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V. RESULTS & DISCUSSION

The proposed hybrid stacking ensemble
model for software defect prediction was
evaluated using benchmark datasets to
assess its effectiveness and reliability. The
experimental results demonstrate that the
stacking-based

approach  significantly

outperforms individual base classifiers
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such as Decision Tree, Support Vector
Machine (SVM), Random Forest, and
Gradient Boosting. This improvement is
primarily due to the ability of the stacking
ensemble to combine the strengths of
reduce their

multiple models and

individual weaknesses.

Performance evaluation was conducted
using standard metrics including accuracy,
precision, recall, F1-score, and ROC-AUC.
The stacking model achieved higher
accuracy and F1-score compared to
models,

standalone indicating  better

overall classification performance. In
particular, recall values for the defective
class improved noticeably, which is crucial
in defect prediction since missing
defective modules can lead to serious
software failures. The use of SMOTE for
handling  class  imbalance  further
contributed to improved detection of
instances,

minority  class thereby

enhancing model sensitivity.

A comparative analysis revealed that while
individual models performed well on
certain aspects—for example, Random
Forest showed strong accuracy and
robustness, and SVM provided good
ensemble

generalization—the  stacking

consistently  delivered balanced and
superior results across all evaluation
metrics. The meta-learner effectively
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learned how to weigh the predictions of
base learners, resulting in reduced false

positives and false negatives.

Additionally,  cross-validation  results
confirmed that the proposed model
maintains stable performance across
different data splits, indicating strong
generalization capability. The

preprocessing  techniques, including
feature selection and normalization, also
played a key role in improving model

efficiency and reducing noise in the data.

V1. CONCLUSION

This study presented a hybrid approach to
software defect prediction using a stacking
ensemble framework that integrates
multiple machine learning models to
improve predictive performance. By
combining diverse base learners such as
Decision Tree, Random Forest, Support
Vector Machine, and Gradient Boosting
with a meta-learner, the proposed method
effectively captures complex patterns in
software metrics and enhances
generalization capability. The inclusion of
data preprocessing techniques, including
normalization, feature selection, and class
imbalance handling using SMOTE, further
contributes to the robustness and accuracy

of the model.
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Experimental results demonstrated that the

stacking ensemble consistently
outperforms individual classifiers across
key evaluation metrics such as accuracy,
precision, recall, F1-score, and ROC-AUC.
In particular, the model showed improved
ability to detect defective modules, which
is critical for reducing software failures
and maintenance costs. The use of cross-
validation also confirmed the stability and
reliability of the proposed approach across

different datasets.
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