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ABSTRACT  

Software defect prediction is a critical task in software engineering aimed at identifying faulty modules before deployment to 

improve software quality and reduce maintenance costs. Traditional defect detection methods rely heavily on manual testing 

and static analysis, which are time-consuming and often fail to detect complex defects. This project proposes a Software Defect 

Prediction System using an Intelligent Ensemble-Based Model, which leverages multiple machine learning algorithms to 

enhance prediction accuracy and reliability. The proposed system utilizes historical software metrics such as code complexity, 

lines of code, coupling, cohesion, and change history to predict defect-prone modules. Individual models such as Decision 

Tree, Random Forest, Support Vector Machine (SVM), and Neural Networks are trained on the dataset. These models are then 

combined using ensemble techniques such as bagging, boosting, or voting to create an intelligent hybrid model. The ensemble 

approach improves performance by reducing overfitting and capturing diverse patterns in the data. The system is evaluated 

using performance metrics such as accuracy, precision, recall, F1-score, and ROC-AUC. Experimental results demonstrate that 

the ensemble-based model outperforms individual classifiers in predicting software defects with higher accuracy and lower 

error rates. This approach enables early detection of defects, reduces development costs, and improves software reliability. 

Overall, the project highlights the effectiveness of ensemble learning in building robust and efficient software quality 

prediction systems. 
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I.INTRODUCTION 

Software quality plays a crucial role in the success of modern software systems, as defects can lead to system failures, security 

vulnerabilities, and increased maintenance costs. As software systems become more complex, detecting defects at an early 

stage of development has become increasingly challenging. Traditional defect detection techniques such as manual code 

reviews and testing are time-consuming and may fail to identify hidden or complex defects. Software defect prediction aims to 

address this issue by analyzing historical data and identifying patterns that indicate defect-prone modules. By predicting 

defects early, developers can focus testing efforts on critical components, reducing cost and improving overall software 

reliability [1]. 

Machine learning has emerged as a powerful approach for software defect prediction due to its ability to analyze large datasets 

and uncover hidden relationships between software metrics and defect occurrence. Various algorithms such as Decision Trees, 

Support Vector Machines (SVM), and Neural Networks have been applied to predict defects based on features like code 

complexity, lines of code, and change history [2]. However, individual models often suffer from limitations such as overfitting, 

bias, or inability to generalize across different datasets. To overcome these challenges, ensemble learning techniques have been 

introduced, which combine multiple models to improve prediction accuracy and robustness. Ensemble methods such as 

bagging, boosting, and voting leverage the strengths of different classifiers to produce more reliable results. 

The proposed project, Software Defect Prediction using an Intelligent Ensemble-Based Model, aims to develop an advanced 

system that integrates multiple machine learning models for accurate defect prediction. The system collects software metrics, 

preprocesses the data, and trains various classifiers. These models are then combined using ensemble techniques to generate 

final predictions. The system is evaluated using performance metrics such as accuracy, precision, recall, and F1-score to ensure 

effectiveness [3]. By providing early insights into defect-prone modules, the proposed system helps developers improve 

software quality, reduce testing effort, and enhance development efficiency. This project highlights the importance of 

intelligent data-driven approaches in modern software engineering. 
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II SURVEY OF RESEARCH 

The study by T. Menzies et al. (2007) [1] focuses on data mining techniques for software defect prediction. Their approach 

emphasizes using historical software metrics to identify defect-prone modules. The methodology involves applying machine 

learning algorithms such as Decision Trees and Naïve Bayes to classify software components. The results demonstrate 

improved prediction accuracy compared to manual methods. The authors highlighted the importance of data-driven approaches 

in software engineering. However, the study does not explore ensemble learning techniques. Despite this limitation, it provides 

a strong foundation for defect prediction systems. 

The work proposed by L. Breiman (2001) [2] introduces the Random Forest algorithm as an ensemble learning method. Their 

approach focuses on combining multiple decision trees to improve prediction accuracy and reduce overfitting. The 

methodology involves bagging and random feature selection. The results demonstrate high accuracy and robustness in 

classification tasks. The author emphasized the effectiveness of ensemble methods. However, the study is not specific to 

software defect prediction. Despite this limitation, it plays a key role in building ensemble-based systems. 

The research by E. Arisholm et al. (2007) [3] focuses on evaluating machine learning techniques for defect prediction. Their 

approach compares different algorithms such as Logistic Regression, Decision Trees, and Neural Networks. The methodology 

involves analyzing software metrics and evaluating model performance. The results show that machine learning models can 

effectively predict defects. The authors highlighted the importance of selecting appropriate models. However, the study lacks 

hybrid or ensemble approaches. Despite this limitation, it contributes to understanding model performance. 

The study by Y. Kamei et al. (2013) [4] focuses on predicting defects using process metrics. Their approach analyzes factors 

such as code churn, developer activity, and commit history. The methodology involves applying machine learning models to 

predict defect-prone changes. The results demonstrate improved prediction accuracy using process metrics. The authors 

emphasized the importance of dynamic metrics. However, the system does not integrate multiple models. Despite this 

limitation, it provides insights into feature selection. 

The work proposed by N. Nagappan et al. (2006) [5] focuses on using code complexity metrics for defect prediction. Their 

approach analyzes software modules based on complexity measures such as cyclomatic complexity and lines of code. The 

methodology involves statistical analysis and machine learning techniques. The results show that complexity metrics are 

effective indicators of defects. The authors highlighted the importance of code quality metrics. However, the approach lacks 

ensemble learning. Despite this limitation, it contributes to feature-based prediction systems. 

The research by R. Malhotra (2015) [6] focuses on applying ensemble learning techniques for software defect prediction. Their 

approach combines multiple classifiers to improve prediction performance. The methodology involves using techniques such 

as bagging and boosting. The results demonstrate higher accuracy compared to individual models. The author emphasized the 

effectiveness of ensemble methods in reducing prediction errors. However, the system complexity increases with multiple 

models. Despite this limitation, it provides a strong base for intelligent ensemble-based systems. 

III. WORKING METHODOLOGY 

The proposed system begins with data collection and preprocessing of software metrics obtained from repositories such as 

NASA datasets or GitHub projects. These datasets contain information about software modules, including lines of code (LOC), 

cyclomatic complexity, coupling, cohesion, and change history. Since raw data may contain missing values, noise, and 

inconsistencies, preprocessing techniques such as data cleaning, normalization, and feature selection are applied. Categorical 

values are encoded into numerical form, and feature scaling is performed to ensure uniform contribution of all attributes. 

Normalization is mathematically represented as: 

 

This step improves model performance and convergence. The dataset is then divided into training and testing sets to evaluate 

the model’s ability to generalize on unseen data. Proper preprocessing ensures that meaningful patterns can be extracted for 

defect prediction. The second phase involves building multiple machine learning models and combining them using ensemble 
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techniques. Individual classifiers such as Decision Tree, Support Vector Machine (SVM), and Neural Networks are trained 

using historical data. Each model learns different patterns and contributes unique strengths. To improve accuracy, these models 

are combined using an ensemble approach such as weighted voting or bagging. The ensemble prediction can be mathematically 

expressed as: 

 

where hi(x) represents the prediction of each model and wi represents the assigned weight. This approach reduces overfitting 

and improves robustness. Cross-validation and hyperparameter tuning are used to optimize model performance. The ensemble 

model ensures better generalization compared to individual classifiers. In the final phase, the trained ensemble model is 

deployed for defect prediction. The system analyzes new software modules and predicts whether they are defect-prone or not. 

The output includes a probability score indicating the risk level of defects. This helps developers prioritize testing and 

debugging efforts on high-risk modules. The system performance is evaluated using metrics such as accuracy, precision, recall, 

F1-score, and ROC-AUC to ensure reliability. A feedback mechanism is incorporated to continuously update the model with 

new data, improving its adaptability. Overall, the methodology provides an efficient and intelligent solution for early detection 

of software defects, reducing development costs and improving software quality. 

IV RESULTS EXPLANATIONS 

 

Figure 1: Model Accuracy Comparison 

This figure presents the accuracy comparison of different machine learning models used in software defect prediction, 

including Decision Tree, Support Vector Machine (SVM), Neural Network, and the proposed Ensemble Model. The graph 

clearly shows that the ensemble model achieves the highest accuracy among all models. This is because it combines the 

strengths of multiple classifiers, reducing individual model errors and improving overall prediction performance. Decision Tree 

provides moderate accuracy but may suffer from overfitting. SVM performs well in handling complex data but requires careful 

parameter tuning. Neural Networks capture nonlinear relationships effectively but may require large datasets. The ensemble 

model balances these limitations by aggregating predictions, resulting in improved reliability and robustness. This figure 

highlights the importance of using hybrid approaches in software defect prediction systems. 
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Figure 2: Precision-Recall Analysis 

This figure illustrates the precision and recall values of different models used in the system. Precision measures the proportion 

of correctly predicted defect-prone modules among all predicted defective modules, while recall measures the ability of the 

model to identify all actual defective modules. The graph shows that the ensemble model achieves a balanced and high 

performance in both precision and recall compared to individual models. High precision ensures fewer false alarms, while high 

recall ensures that most defects are detected. Individual models like Decision Tree and SVM may show variations in these 

metrics due to their limitations. The ensemble approach effectively minimizes false positives and false negatives, making it 

more reliable for real-world applications. This figure demonstrates that the proposed system provides accurate and consistent 

predictions, which is essential for improving software quality. 

 

Figure 3: Confusion Matrix 

This figure represents the confusion matrix of the ensemble model, showing the classification results for defect and non-defect 

classes. The matrix includes true positives, true negatives, false positives, and false negatives. Most values are concentrated 

along the diagonal, indicating a high number of correct predictions. The low number of misclassifications demonstrates the 

effectiveness of the model in distinguishing between defective and non-defective modules. False positives represent modules 

incorrectly predicted as defective, while false negatives represent missed defects. Minimizing these errors is crucial for 

improving software reliability. The confusion matrix provides a detailed understanding of model performance beyond overall 

accuracy. This figure confirms that the ensemble model performs well in classification tasks and is suitable for practical defect 

prediction applications. 

 

Figure 4: Feature Importance Analysis 

This figure highlights the importance of different software metrics used in defect prediction. Features such as cyclomatic 

complexity, lines of code, and code churn are shown to have the highest impact on predicting defects. The graph indicates that 

modules with higher complexity and frequent changes are more likely to contain defects. Other features like coupling and 

cohesion also contribute to prediction but to a lesser extent. Understanding feature importance helps developers focus on 

critical factors that influence software quality. It also aids in reducing model complexity by eliminating less relevant features. 

This figure demonstrates that selecting appropriate features plays a key role in improving model performance and accuracy. 
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Figure 5: Defect Prediction Output 

This figure presents the real-time output of the system, showing predicted results for software modules. Each module is 

classified as defect-prone or non-defective along with a probability score indicating the risk level. High-risk modules are 

flagged for further testing and debugging, allowing developers to prioritize their efforts. The system provides clear and 

interpretable results, making it easy for users to understand and act upon the predictions. This figure demonstrates the practical 

application of the system in real-world software development environments. It confirms that the proposed model can 

effectively assist in early defect detection, reducing development costs and improving software reliability. 

V.CONCLUSION 

 The proposed Software Defect Prediction using an Intelligent Ensemble-Based Model provides an effective and 

reliable solution for identifying defect-prone software modules at an early stage. By leveraging multiple machine learning 

algorithms such as Decision Tree, Support Vector Machine (SVM), and Neural Networks, and combining them using ensemble 

techniques, the system achieves higher prediction accuracy and robustness compared to individual models. The ensemble 

approach successfully reduces overfitting and improves generalization, making it suitable for complex software datasets. The 

experimental results demonstrate that the system performs well across various evaluation metrics such as accuracy, precision, 

recall, F1-score, and ROC-AUC. The feature importance analysis highlights that metrics like cyclomatic complexity, lines of 

code, and code churn play a significant role in predicting defects. The system enables developers to focus on high-risk 

modules, thereby reducing debugging time and improving overall software quality. Overall, this project emphasizes the 

importance of data-driven techniques in modern software engineering. The proposed model is scalable and can be integrated 

into real-world development environments to enhance software reliability and reduce maintenance costs. Future enhancements 

may include deep learning models, real-time defect tracking, and integration with DevOps pipelines for continuous monitoring 

and prediction. 
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