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Abstract: Software defect prediction is crucial 

for improving software quality and reducing 

testing effort. It helps identify faulty modules 

early in the development process. This work 

presents an intelligent ensemblebased software 

defect prediction system featuring stacking and 

safe online deployment. The proposed extension 

includes a Stacking Classifier made up of 

Decision Tree, Random Forest, and LightGBM. 

This setup allows for effective learning from 

different defect patterns and reduces bias in 

individual models.The stacking approach offers 

better predictive performance and reliability 

compared to traditional voting-based ensembles. 

To ensure practical use, the model is deployed 

with a Flask-based web interface that includes 

user authentication, allowing for secure and 

interactive defect analysis. Experimental 

evaluation on benchmark NASA MDP datasets 

(CM1 and PC4) shows that the extended model 

achieves impressive accuracy, reaching up to 

93.5%. It outperforms baseline ensemble 

methods. The results confirm that this 

improvement in software fault prediction is 

secure, accurate, and can scale effectively. 
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INTRODUCTION 

To reduce testing, modern software 
engineering uses software defect prediction 
(SDP) to find faulty software modules early in 
development, reduce costs, and minimize post-
release failures. As software systems become 
more complex and release cycles become 
quicker, traditional quality assurance practices 
often fall short of ensuring high reliability. 
Therefore, data-driven and smart prediction 
models are increasingly important for proactive 
defect detection. Recent studies point out the 
significance of using source code metrics, 
historical defect data, and new learning methods 
to improve prediction performance [1]. Recent 
research has looked into semantic and contextual 
feature learning to raise defect prediction 
accuracy. N. Rajeswari et al. [1] showed that 
combining source code semantics with external 
knowledge representations greatly enhances 
defect prediction. This approach captures deeper 
structural and contextual information that goes 
beyond traditional metrics. It highlights the 
limitations of handcrafted features and 
encourages the use of learning-based models that 
can automatically extract meaningful 
representations. However, these methods often 
require high computational resources and may 
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have trouble generalizing across different 
projects. Deep learning techniques have pushed 
the field of software defect prediction forward by 
allowing automatic feature learning from large 
datasets. A thorough systematic review and 
meta-analysis by Rajeswari Nakka et al. [2] 
showed that deep neural networks frequently 
outperform traditional machine learning models 
in various defect prediction scenarios. Despite 
their effectiveness, deep learning models face 
challenges such as class imbalance, overfitting, 
and lack of interpretability, which can make them 
less practical for industrial use without further 
optimization. 

To solve scalability and deployment issues, 
researchers have proposed cloudbased and 
hybrid prediction frameworks. Data-level and 
decision-level machine learning are combined in 
Aftab et al.’s cloud-based software defect 
prediction technique [3]. Their method showed 
improved accuracy and scalability. However, 
reliance on cloud infrastructure brings latency, 
security risks, and deployment overhead, which 
limits its use for real-time and on-premise 
scenarios. A good alternative to single-model 
predictions is ensemble learning. This method 
uses several classifiers to boost robustness and 
generalization. Tang et al. [4] suggested an 
adaptive ensemble learning approach optimized 
with a variable sparrow search algorithm, 
achieving better results across multiple datasets. 
Likewise, Goyal [5] introduced a genetic 
evolution-based defect prediction model that 
enhanced learning diversity and convergence. 
Even though these ensemble-based methods 
significantly improve accuracy, many existing 
approaches do not have effective stacking 
strategies or practical system-level integration. 
This situation highlights the need for better 
ensemble architectures that can be deployed in 
real-world settings. 

I. LITERATURE SURVEY 

[6] The authors propose a multiclass SVM 
using quantum annealing for remote sensing 
classification. They use quantum optimizers to 
refine decision boundaries and improve 
separability. This shows the feasibility of 
optimizer-driven feature refinement. It also 
encourages the use of improved optimizers for 
feature selection and LightGBM tuning in your 
stacking extension. 

[7] The authors reported a retracted paper but 
originally discussed optimized ML techniques 
for software fault prediction; the retraction 
highlights reproducibility and evaluation rigor 
issues in the field. This underlines the need for 
robust cross-validation and transparent reporting 
in your evaluation of stacking + LightGBM to 
ensure reproducible gains. 

[8] This is a repeat of an earlier systematic 
review emphasizing deep learning gains and 
pitfalls in defect prediction. Its duplication 
stresses the prevalence of deep approaches and 
the importance of careful benchmarking. It 
motivates combining classical ensembles 
(stacking + LightGBM) with deep features while 
strictly following reproducible evaluation 
protocols.  

[9] The arXiv piece outlines research 
directions for software startups, covering data-
driven engineering practices and resource 
constraints. It highlights practical deployment 
challenges in small teams. This encourages 
designing your Flask deployment to be 
lightweight and usable in startup/industry 
settings where compute and manpower are 
limited. 

[10] The authors address concept drift in 
defect prediction and propose detection/handling 
methods to maintain model relevance over time. 
Results show drift- aware approaches sustain 
accuracy in evolving projects. This motivates 
adding periodic retraining or drift-detection 
hooks in your Flask interface so the stacking 
model and LightGBM can be updated when 
distributions change.  

[11] This paper explores neural networks with 
feature selection for defect prediction, showing 
that targeted feature reduction improves network 
performance and interpretability. The finding 
supports combining automated feature selection 
with ensemble learners use feature selection 
outputs as inputs to base learners in stacking to 
reduce overfitting and speed LightGBM.  

[12] The conference work applies LSSVM 
with feature selection for classification, 
demonstrating that kernel methods plus careful 
feature choice can yield strong results on defect 
data. This suggests including diverse base 
learners (SVM-like, tree-based, neural) in your 
stacking to capture complementary decision 
boundaries before LightGBM blends them.  
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[13] The referenced chapter surveys 
supervised classification techniques and their 
properties, providing foundational guidance on 
algorithm selection and evaluation.It reiterates 
trade-offs between interpretability and 
performance. This motivates documenting the 
choice of base classifiers in your stack and using 
LightGBM to balance accuracy and 
explainability. 

 [14] This empirical study compares sampling 
methods for class imbalance in defect prediction 
and shows resampling strategies (SMOTE 
variants) substantially affect classifier outcomes. 
The study motivates applying robust imbalance 
handling (resampling or class-weighting) before 
training stacking base learners and configuring 
LightGBM’s imbalance-aware parameters.  

[15] Though focused on landslide mapping, 
this work compares bagging, boosting, stacking, 
and Easy Ensemble methods, demonstrating 
stacking’s superiority in some settings. The 
cross-domain success of stackings supports your 
use of a stacking classifier with LightGBM as a 
strong meta-learner for defect datasets too. 

[16] The authors propose a random 
approximate reduct ensemble approach and 
apply it to defect prediction,showing that reduct-
based feature subsets improve ensemble 
robustness. This suggests integrating feature-
reduct outputs as multiple views for base learners 
in your stack to increase ensemble 
complementarity. 

[17] This work presents an aligned-metric 
representation for balanced multiset ensemble 
learning across heterogeneous projects and 
shows improved crossproject prediction. It 
motivates designing your stacking pipeline to 
handle heterogeneous datasets and using 
LightGBM’s regularisation to generalise across 
projects. 

 [18] The paper evaluates ensemble learning 
using Analytic Network Process (ANP) for 
method assessment,offering a structured 
evaluation metric selection. It highlights the 
importance of multi-criteria evaluation when 
choosing ensemble configurations. This supports 
performing comprehensive assessments 
(accuracy, recall, F1, runtime) for your stacking 
+ LightGBM extension.  

[19] The authors apply SMOTE-based 
homogeneous ensemble methods, showing 
synthetic sampling and homogeneous ensembles 
can work well on imbalanced defect data. This 
motivates experimenting with SMOTE variants 
upstream of stacking and employing 
LightGBM’s native handling in parallel for 
robustness comparisons. 

 [20] This conference paper proposes a voting 
ensemble method for defect prediction, where the 
authors have achieved significant improvements 
through voting fusion. This paper provides a 
benchmark to show how the proposed stacking 
ensemble method with LightGBM outperforms 
the voting ensemble method.  

[21] This comparative paper compares various 
supervised and ensemble methods for defect 
prediction. The authors have provided the 
performance range of various algorithms, which 
is a wide comparison to support the choice of 
diverse base classifiers in the proposed stacking 
ensemble method. This paper has provided a 
general idea of where the proposed LightGBM 
method would rank compared to the base 
classifiers.  

[22] In this paper, the authors have proposed 
a multi-filter feature selection method along with 
the MLP algorithm to show the performance of 
the multi-filter feature selection method. The 
authors have achieved improved results through 
the proposed method, which shows the 
performance of the proposed stacking ensemble 
method with diverse base classifiers to provide 
the best results through the combination of the 
predictions of the base classifiers. 

[23] This demonstrates the performance of 
ML-based defect prediction systems and the 
importance of dataset-specific tuning. This in 
turn motivates the incorporation of dataset-
specific hyperparameter tuning (e.g., LightGBM 
learning rate, stacking meta-learner complexity) 
in your extension. 

[24] The LASSO–SVM model study 
demonstrates that sparse regularization helps 
SVM generalization by selecting relevant 
features. This supports integrating LASSO-like 
feature selection or regularized learners as base 
components before stacking to reduce overfitting 
and improve LightGBM’s meta-level fitting. 
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[25] This work presents an ML-powered 
defect prediction system that aggregates multiple 
algorithmic strategies, showing gains from 
method diversity. It aligns with your ensemble 
philosophy and motivates extensive base-learner 
heterogeneity feeding a LightGBM meta-learner 
to capture different error modes. 

 [26] The conference paper applying Random 
Forest for defect prediction reports its robustness 
and interpretability benefits on NASA datasets. 
Random Forest is a natural base learner in your 
stacking; its stable predictions complement 
LightGBM’s gradient-boosted metapredictions 
in the stack.  

[27] This research on extRF for IoT-related 
apps provides an enhanced Random Forest 
approach. The research shows the effectiveness 
of the enhancements on tree-based models and 
encourages experimenting with other tree-based 
models in addition to LightGBM in your stack.  

[28] This performance evaluation compares 
various ML models on NASA data sets and 
provides useful performance benchmarks. The 
performance benchmarks can be used to calibrate 
and validate the performance of the stacking 
framework with LightGBM extensions. 

 [29] This research on the hybrid PSO-GA-
SVM approach demonstrates the effectiveness of 
evolutionary optimization of SVM parameters. 
The research encourages experimenting with 
evolutionary optimization of parameters for base 
models (including LightGBM) in the stacking 
framework. 

 [30] This research on the comparison of SVM 
and ELM for reliability prediction demonstrates 
the effectiveness of ELM in terms of runtime and 
accuracy tradeoffs. The research encourages 
including ELM-like models in the stack to 
provide low-latency predictions through the 
Flask interface and LightGBM for high-accuracy 
reconciliation in the meta-stage. 

II. METHODOLOGY 

The proposed methodology is based on the 

intelligent ensemble learning framework to 

Improve the accuracy of the software defect 

prediction. The existing datasets related to the 

software defect prediction of NASA MDP are 

preprocessed to handle the missing values, 

normalization of the features, and class 

imbalance problem through appropriate sampling 

methods. In the first learningstage, multiple 

heterogeneous base classifiers—Random Forest, 

Support Vector Machine, Naïve Bayes, and 

Multi-Layer Perceptron—are trained 

independently with optimized hyperparameters 

to capture diverse defect patterns. The 

predictions generated by these base models are 

then forwarded to a second-stage Stacking 

Classifier, where Decision Tree and Random 

Forest outputs are combined and refined using 

LightGBM as the meta-learner to learn optimal 

decision boundaries. This stacked architecture 

improves generalization by reducing individual 

model bias and variance. Finally, the trained 

model is deployed through a Flask-based web 

interface with user authentication, enabling 

secure, interactive, and real-time software defect 

prediction for practical software engineering 

environments.. 

 

A) Proposed System 
The proposed system presents an extended 

intelligent ensemble-based software defect 
prediction framework designed to enhance 
forecast accuracy, robustness, and usability. The 
expanded method utilizes various machine 
learning classifiers like the Random Forest 
Classifier, SVM Classifier, Naive Bayes 
Classifier, and the MLP Classifier. The 
classifiers are first trained on the pre-processed 
NASA MDP datasets to detect various defect 
characteristics. Unlike traditional single 
classifiers or simple voting mechanisms, the 
proposed extension utilizes a Stacking Classifier 
to utilize the advantages of the classifiers while 
eliminating the limitations of the classifiers. 

The second stage of the proposed extension 

utilizes the predictions of the classifiers to 

perform an advanced level of learning with the 

aid of the LightGBM algorithm. The algorithm 

learns the optimal combination of the classifiers 

to make predictions on the defects. The proposed 

extension of the expanded method significantly 

improves the generalization performance of the 

classifiers. To make the system practical, the 

system is deployed with the aid of a Flaskbased 

web framework. The system is secure with the 

aid of user authentication. The proposed system 

is useful for academic and industrial applications 

mailto:ijesatj@gmail.com
http://www.ijesat.com/


International Journal of Engineering Science and Advanced Technology (IJESAT) 

Vol 26 Issue 03(March),2026 

Received: 11-02-2026 Accepted: 18-03-2026 Published: 24-03-2026 

                                                   

  Page 670 

2250-3676   

since it links the software quality assurance tools 

with the high-accuracy ensemble learning. 

B) System Architecture 
The system architecture of the proposed 
extension is a layered and modular structure that 
is suitable for accurate, scalable, and secure 
software defect prediction. In the data layer, 
historical software defect data sets available in 
the NASA MDP repository are provided as input 
through the user interface or data loader. These 
data sets are passed to the next layer, which is 
responsible for data preprocessing. In the data 
preprocessing layer, data cleansing, 
normalization, and correction of missing values 
and class imbalance are performed to ensure data 
quality and consistency. In the learning layer, the 
preprocessed data is passed to train multiple 
classifiers simultaneously to predict various 
patterns of defects. In the upper layer of the 
architecture, the prediction results of all thebase 
classifiers are passed to the stacking layer, which 
is considered to be the core of the proposed 
extension. In the stacking layer, a meta-classifier 
is used to learn the optimal combination of the 
base model’s prediction and generate a final 
decision regarding defects. The prediction results 
are passed to the application layer, which is a 
web-based application using a Flask-based web 
framework.

Fig.1. Proposed Architecture 

B) MODULES 

a) Data Loading: 

• Imports the software defect datasets 

from the NASA MDP repository. 

• Initializes data for further 

preprocessing and analysis. 

b) Data Preprocessing: 

• Removes duplicates, irrelevant, and 

incomplete records to ensure clean data. 

• Converts categorical data into 

numerical form using label encoding for 

model compatibility. 

c) K-Means Clustering: 

• Groups the preprocessed data into 

clusters based on feature similarity. 

• Helps the models learn distinct defect 

patterns more effectively. 

d) Feature Optimization using PSO: 

• Applies Particle Swarm Optimization 

to identify and retain the most relevant 

features. 

• Reduces dimensionality, improving the 

model’s accuracy and efficiency. 

e) Base Model Training (MLP, SVM, NB, 

RF): 

• Trains four supervised models 

independently using optimized features. 

• Each model learns unique data patterns 

to improve prediction strength. 

f) Ensemble Learning: 

• Combines predictions from MLP, 

SVM, NB, and RF using an Adaptive 

Voting Classifier. 

• Enhances overall model performance 

by merging individual model strengths. 

g) Extension – Stacking Classifier: 

• Integrates Decision Tree, Random 

Forest, and LightGBM into a meta-

model for deeper learning. 
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• Further refines prediction accuracy 

through advanced ensemble stacking. 

h) Evaluation: 

• Measures performance using accuracy, 

precision, recall, and F1-score. 

• Compares ensemble and stacking 

models to identify the most effective 

approach. 

i) User Authentication (Signup & Login): 

• Provides secure access through user 

registration and login. 

• Ensures only authorized users can test 

and use the prediction system. 

j) User Input & Prediction: 

• Allows users to input new data for real-

time defect prediction. 

• Displays prediction results interactively 

through a Flask-based interface. 

C) ALGORITHMS 
a) Support Vector Machine (SVM):  

Methods for supervised learning SVM finds 
the hyperplane in feature space that best 
separates the groups. The project uses it to sort 
out bad modules by making the gap between 
distinct classes as big as possible. This makes the 
model more accurate and able to generalize. 

b) Random Forest:  

Random Forest uses ensemble learning to 
train several decision trees and calculate their 
mode class (classification) or mean prediction 
(regression). In the project, its resilience and 
accuracy in predicting faulty modules through 
aggregated decision-making increase model 
performance and decrease overfitting for various 
datasets. 

c) Naive Bayes:  

Naive Bayes is a probabilistic classifier that 
uses Bayes’ theorem and assumes that qualities 
are independent. In the project, it is used to figure 
out how likely it is that faults will happen based 
on the feature values. This is a simple and 
effective way to work with massive datasets that 
have categorical properties. 

d) MLP (Multi-Layer Perceptron):  

There are several layers of neurons in the 
MLP artificial neural network that can do 
complicated input-to-output mappings. The 
research uses it to find complex patterns and 
interactions in the data, which helps forecast 
which modules will be faulty since it can learn 
from both linear and non-linear correlations. 

e) Adaptive Voting Classifier (RF + SVM + 
NB + MLP): 

By using a voting system, the Adaptive 
Voting Classifier improves the accuracy of 
predictions produced using MLP, Random 
Forest, SVM, and Naive Bayes. a study uses an 
ensemble approach to improve prediction 
accuracy for broken modules by combining the 
strengths of all the models. 

f) Stacking Classifier (DT + RF with 
LightGBM): 

To enhance forecast accuracy, the Stacking 
Classifier builds a meta-model that incorporates 
two gradient boosting frameworks, Decision 
Trees (DT), and Random Forest (RF). As part of 
the project, this classifier combines different 
models to improve the accuracy and resilience of 
fault prediction by taking use of their individual 
strengths.  

III. EXPERIMENTAL RESULTS 

The software fault prediction capability of the 
intelligent ensemble-based model was evaluated 
using seven NASA MDP benchmark datasets: 
CM1, JM1, MC2, MW1, PC1, PC3, and PC4. 
Initially, iterative parameter tweaking was used 
to train and optimize four supervised learning 
algorithms: Random Forest, SVM, Naïve Bayes, 
and MLP. In order to increase consistency and 
decrease individual model bias, their forecasts 
were aggregated using a voting ensemble.  

Accuracy rates of 86.5% for CM1, 66% for 
JM1, 73.5% for MC2, 80.1% for MW1, 87% for 
PC1, 87.5% for PC3, and 90.4% for PC4 were 
some of the noteworthy findings attained by the 
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ensemble model across the datasets.We used an 
extension model that included Decision Tree, 
Random Forest, and LightGBM. We used a 
Stacking Classifier to increase accuracy even 
more. The accuracy achieved was 92.4% for 
CM1, 83.6% for JM1, 73.5% for MC2, 89.7% for 
MW1, 92.2% for PC1, 92.4% for PC3, and 
93.5% for PC4, This hybrid technique achieved 
outstanding results.  

The experimental results indicate that when 
various classifiers are combined using ensemble 
methods, prediction accuracy, reliability, and 
robustness are greatly increased.  

Accuracy: A solid sign of the tests' 
dependability is their ability to tell healthy 
from ill and unwell people. A test's 
dependability may be determined by looking 
at actual positives and negatives. After 
mathematical: 

Accuracy = TP + TN /(TP + TN + FP + FN) 

 
 

Precision: Precision measures how accurate a 
classification is or how many positive 
examples there are.   To check for correctness, 
use: 

Precision = TP/(TP + FP) 

 

 
 

Recall: The ability of a model to locate all 
pertinent machine learning classes is known 
as recall. Percent of properly expected 
positive observations in relation to total 
positives reveals a model's capacity to identify 
class instances 

 

 
 

F1-Score: A high F1 score shows the 
correctness of an ML model. Increasing model 
accuracy by combining recall and accuracy. 
The accuracy statistic tells how frequently a 
model gets a dataset prediction correct. 
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Fig2 Performance Comparison graph 

Algorith
m 

Accura
cy (%) 

Precisi
on (%) 

Reca
ll 

(%) 

F1-
Scor

e 
(%) 

Naïve 
Bayes 
(NB) 

78.2 76.4 74.8 75.6 

Support 
Vector 
Machine 
(SVM) 

82.6 81.3 79.5 80.4 

Multi-
Layer 
Perceptr
on (MLP) 

84.1 83.6 82.2 82.9 

Random 
Forest 
(RF) 

87.9 86.8 85.7 86.2 

Voting 
Ensembl
e 

89.6 88.9 87.4 88.1 

Propose
d 
Stacking 
(DT + RF 
+ 
LightGB
M) 

93.5 92.8 91.6 92.2 

Table1  Performance Comparison Algorithms 

IV. CONCLUSION 

This work presented an extended intelligent 
ensemble-based software defect prediction 
system aimed at improving prediction accuracy, 
robustness, and realworld applicability. The 
proposed extension enhances the base ensemble 
model by incorporating a Stacking Classifier 
with LightGBM as the meta-learner, enabling 

effective fusion of multiple heterogeneous base 
classifiers including Employ Multi-Layer 
Perceptron, Random Forest, Naïve Bayes, and 
Support Vector Machine.  

The stacking method minimizes the bias 
present in the models, thus providing stability to 
the predictions of defects. The experimental 
results obtained by applying the extension on the 
benchmark NASA MDP datasets showed 
superior performance compared to the traditional 
single classifiers and ensemble classifiers, with 
accuracy up to 93.5%, along with precision, 
recall, and F1-score. The use of the Flask-based 
secure web interface with authentication 
facilities provides the extension with practical 
usability and accessibility for the software 
quality assurance teams. The extension provides 
an efficient contribution to the cost reduction and 
quality enhancement of the software 
development process. 

V. FUTURE SCOPE 
Building on the success obtained through the 
results of the current study, the next line of 
research can be focused on the development of 
more advanced hybrid and intelligent models 
to further enhance the accuracy of the results 
obtained through the software defect 
prediction process. In the current study, the 
researcher has used multiple machine learning 
algorithms to identify the defectprone modules 
of the software system. Further, the next line of 
research can be focused on the development of 
more advanced hybrid algorithms, where the 
researcher can integrate more machine 
learning algorithms, including deep learning 
algorithms, to further enhance the efficiency of 
the results obtained through the proposed 
system. Such hybrid models can be used to 
integrate the efficiency of multiple machine 
learning algorithms to efficiently handle the 
complexity involved in the software metrics 
data. 
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