Journal of Information Systems Engineering and Management
2025, 10(34s)

e-ISSN: 2468-4376

https://www jisem-journal.com/ Research Article

AI-Driven Software Quality Prediction: A Hybrid Deep
Learning and Evolutionary Algorithm Approach

Nitin Mishra?, Swapnil Gharat2, Manish Rana3, Sunny Sall4, Priya Parates, Prakash J Parmar¢ Govind Pandurang
Wakure?

1Xavier's Institute of Engineering, Mumbai, Maharasthra, India
2D.J. Sanghvi College of Engineering, Mumbai, Maharasthra, India
3St. JohnCollege of Engineering and Mangement, Palghar, Maharasthra, India
4St. JohnCollege of Engineering and Mangement, Palghar, Maharasthra, India
sD.J. Sanghvi College of Engineering, Mumbai, Maharasthra, India
6V idyalankar Institute of Technology, Mumbai, Maharasthra, India
7D.J. Sanghvi College of Engineering, Mumbai, Maharasthra, India

ARTICLE INFO ABSTRACT

Received: 29 Dec 2024 Objectives:

This study aims to enhance software quality prediction by addressing the limitations of

traditional machine learning models—namely, feature redundancy and high computational

Accepted: 27 Feb 2025 costs—through a hybrid deep learning approach integrated with Genetic Algorithms (GA) for
efficient and accurate defect prediction.
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Methods:

The proposed method combines Convolutional Neural Networks (CNNs) and Multilayer
Perceptrons (MLPs) for deep feature learning, alongside GA for optimal feature selection. Model
pruning and quantization techniques were employed to improve computational efficiency. The
hybrid model was evaluated using publicly available software defect datasets.

Findings:

The hybrid approach achieved an accuracy of 89.2%, surpassing traditional classifiers like
Random Forest and Support Vector Machines (SVMs). Furthermore, computational efficiency
was improved by 35%, confirming the effectiveness of the model in balancing accuracy and
performance.

Novelty:

Unlike conventional models, this approach integrates deep learning with evolutionary feature
selection and computational optimization strategies, resulting in a robust, scalable, and efficient
solution for software defect prediction. This combination ensures high predictive performance
while minimizing resource consumption, making it suitable for large-scale and real-time
applications.

Keywords: Software Quality Prediction, Deep Learning, Genetic Algorithms, Feature Selection,
Computational Efficiency.

INTRODUCTION

Software quality prediction plays a crucial role in modern software development by enabling early defect detection,
reducing maintenance costs, and ensuring reliable software products. As software systems grow increasingly
complex, traditional methods for defect prediction struggle to maintain accuracy and scalability [36]. Conventional
machine learning models such as Random Forest and Support Vector Machines (SVMs) have been widely used, but
they often suffer from inefficiencies in feature selection and computational overhead. Consequently, integrating
advanced artificial intelligence techniques, including deep learning and evolutionary algorithms, offers a promising
avenue for improving software quality prediction [11].
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Deep learning models, particularly Convolutional Neural Networks (CNNs) and Multilayer Perceptrons (MLPs), have
demonstrated superior predictive capabilities in various domains. However, their performance is highly dependent
on the quality of input features. Redundant or irrelevant features can lead to increased training time and reduced
accuracy [34]. To address this, evolutionary algorithms such as Genetic Algorithms (GAs) can be utilized for feature
selection, ensuring that only the most relevant software metrics contribute to defect prediction models. This hybrid
approach not only improves prediction accuracy but also enhances computational efficiency by reducing the
dimensionality of input data [12].

Despite the advancements in Al-driven software quality prediction, several challenges persist. Many existing models
rely heavily on historical data, limiting their applicability to new and evolving software projects [33]. Additionally,
high computational costs associated with deep learning models hinder their adoption in real-time software
development environments. There is also a need for more explainable Al techniques to improve transparency and
trust in predictive models. Addressing these issues requires a well-structured framework that balances accuracy,
efficiency, and interpretability [13].

This study proposes a hybrid deep learning and evolutionary algorithm approach to enhance software quality
prediction. By integrating deep learning models with GA-based feature selection, the method aims to optimize
prediction accuracy while maintaining computational efficiency [32]. The research evaluates the proposed framework
using publicly available datasets, comparing its performance with traditional machine learning models. The findings
contribute to advancing Al-driven software engineering by providing a scalable and efficient approach for defect
prediction and quality assurance [14].

PROBLEM DEFINITION

Software quality prediction plays a critical role in modern software engineering, helping developers detect defects
early, reduce maintenance costs, and enhance overall software reliability [37]. Despite significant advancements in
machine learning and deep learning for defect prediction, existing methodologies face several limitations that hinder
their effectiveness. One of the primary challenges is the limited generalization of predictive models [31]. Many studies
focus on specific datasets or domains, making it difficult to apply these models across different software projects with
varying characteristics. This lack of adaptability results in suboptimal defect prediction and necessitates the
development of more robust and versatile models [15].

Another critical issue is the inefficiency of feature selection techniques. Existing models often struggle with
redundant and irrelevant features, negatively impacting prediction accuracy and computational efficiency [38].
While methods such as Correlation-Based Feature Selection (CFS) and Recursive Feature Elimination (RFE) have
been employed, they are not dynamic enough to adapt to evolving software metrics [30]. Additionally, the over-
reliance on historical project data limits the applicability of defect prediction models to new software systems without
prior defect records. This gap calls for adaptive learning mechanisms capable of generalizing predictions beyond
historical datasets [16].

Computational costs also pose a major challenge in software quality prediction. Deep learning models, particularly
Convolutional Neural Networks (CNNs) and Long Short-Term Memory (LSTM) networks, have demonstrated high
predictive accuracy but require extensive computational resources [29]. The high training time and resource
demands make them impractical for real-time defect prediction in large-scale software development environments.
This problem necessitates the integration of optimization techniques such as model pruning, quantization, and
hybrid approaches that combine traditional machine learning with evolutionary algorithms to improve efficiency
[17].

Furthermore, the lack of explainability in AI-driven models limits their adoption in industry. Most defect prediction
models operate as black-box systems, making it difficult for developers to interpret and trust their predictions [28].
There is a pressing need for Explainable AI (XAI) techniques that enhance model transparency and usability.
Additionally, the challenges of handling imbalanced datasets remain largely unresolved, affecting the reliability of
defect prediction systems [39]. Addressing these challenges will contribute to the development of an advanced,
efficient, and interpretable Al-driven software quality prediction framework that can be applied across various
domains and industrial settings [18].
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LITERATURE SURVEY
A. E. Hassan, "Predicting faults using the complexity of code changes," 2009.

Hassan explores the relationship between software changes and defect prediction, emphasizing the complexity of
code modifications . The study proposes a model leveraging historical change data to identify fault-prone areas in
software. The findings demonstrate that complex code changes correlate with increased software defects, making
change complexity a crucial factor for predictive modeling. The research contributes to the advancement of fault
prediction techniques by emphasizing the importance of software evolution. However, the reliance on historical data
may limit applicability to new projects, necessitating further refinement of complexity metrics to enhance predictive
power [01].

D. Azar and J. Vybihal, "An ant colony optimization algorithm to improve software quality
prediction models: case of class stability," 2011.

Azar and Vybihal introduce an ant colony optimization (ACO)-based approach for software quality prediction,
specifically targeting class stability. The proposed method improves traditional prediction models by optimizing
feature selection using ACO, reducing redundancy, and enhancing predictive accuracy. The results indicate that ACO
significantly outperforms conventional machine learning models. This research highlights the potential of bio-
inspired optimization techniques in software engineering. However, the scalability of ACO-based models remains a
concern due to their computational intensity, necessitating further optimization for large-scale industrial
applications [02].

S. Ayon, "Neural network-based software defect prediction using genetic algorithm and particle
swarm optimization," 2019.

Ayon investigates the integration of neural networks with genetic algorithms (GA) and particle swarm optimization
(PSO) for software defect prediction. The study demonstrates that hybrid models incorporating evolutionary
techniques enhance prediction accuracy and generalization. The research compares GA and PSO in optimizing neural
network parameters, concluding that PSO provides faster convergence, whereas GA offers greater diversity in feature
selection. While the study presents promising results, further exploration into hybrid evolutionary approaches is
needed to address computational overhead and improve adaptability in real-world software environments [03].

B. Turhan et al., "On the relative value of cross-company and within-company data for defect
prediction," 2009 .

Turhan et al. examine the effectiveness of cross-company versus within-company defect prediction models. Their
findings suggest that within-company data yields higher accuracy due to domain-specific characteristics, but cross-
company data remains valuable in cases with limited historical information. The study employs machine learning
models to validate the transferability of defect prediction techniques across projects. While insightful, the research
emphasizes the need for domain adaptation techniques to bridge the performance gap between cross-company and
within-company models [04].

P. S. Bishnu and V. Bhattacherjee, "Software fault prediction using quad tree-based K-means
clustering algorithm," 2012.

Bishnu and Bhattacherjee introduce a quad tree-based K-means clustering algorithm for software fault prediction.
The study leverages clustering techniques to enhance fault classification and improve defect detection accuracy. The
findings indicate that hierarchical clustering improves feature selection and reduces false positives in fault prediction.
However, the study acknowledges the limitations of unsupervised learning in handling evolving software metrics,
suggesting the need for hybrid approaches integrating supervised and unsupervised models for enhanced robustness

[o5].

C. Catal and B. Diri, "A systematic review of software fault prediction studies," 2009.

Catal and Diri conduct a systematic review of software fault prediction methodologies, analyzing various machine
learning techniques and feature selection strategies. The review categorizes existing models based on predictive
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performance and dataset characteristics. Key findings emphasize the importance of balanced datasets and feature
engineering in achieving high prediction accuracy. The study provides valuable insights but highlights the lack of
standardized benchmarks for comparative evaluation, necessitating the development of unified evaluation
frameworks for software fault prediction models [06].

K. O. Elish and M. O. Elish, "Predicting defect-prone software modules using support vector
machines," 2008 .

Elish and Elish explore the application of support vector machines (SVMs) in software defect prediction. Their study
demonstrates that SVMs outperform traditional statistical models due to their ability to handle high-dimensional
feature spaces and nonlinear relationships. The research validates SVM-based models on multiple datasets,
showcasing their robustness in defect prediction tasks. However, the study acknowledges the need for improved
feature selection techniques to mitigate overfitting and enhance interpretability in real-world applications [07].

F. Hassan et al., "A review on machine learning techniques for software defect prediction," 2018.

Hassan et al. provide a comprehensive review of machine learning algorithms applied to software defect prediction.
The review categorizes techniques into supervised, unsupervised, and ensemble learning approaches. The authors
highlight emerging trends in deep learning and hybrid models, emphasizing their potential for improving prediction
accuracy. The study underscores the challenges of data imbalance and feature redundancy, calling for advanced
feature selection and augmentation strategies to enhance model performance [08].

I. Gondra, "Applying machine learning to software fault-proneness prediction," 2008.

Gondra investigates the efficacy of various machine learning models in predicting fault-prone software modules. The
study compares decision trees, neural networks, and ensemble methods, concluding that ensemble models yield the
highest accuracy. The research emphasizes the role of feature selection in enhancing predictive performance.
However, the study suggests further exploration of hybrid models that integrate multiple machine learning
techniques to improve robustness and generalization in defect prediction tasks [09].

D. Gray et al., "Using the support vector machine as a classification method for software defect
prediction with static code metrics," 2009.

Gray et al. analyze the application of support vector machines (SVMs) for software defect prediction using static code
metrics. The study demonstrates that SVMs achieve high accuracy in classifying defect-prone modules,
outperforming traditional regression models. The authors highlight the importance of kernel selection and
hyperparameter tuning in optimizing SVM performance. However, the study acknowledges the limitations of static
code metrics in capturing dynamic software behaviors, suggesting the integration of runtime data for improved
prediction accuracy [10].

Materials and Methods to Solve the Problem

To address the challenges in software quality prediction, this study employs a hybrid approach combining deep
learning models with evolutionary algorithms for optimized feature selection and defect prediction [40]. Data will be
collected from publicly available software repositories such as NASA PROMISE and open-source projects, ensuring
diverse and representative datasets. Preprocessing techniques, including data normalization, missing value
imputation, and categorical encoding, will enhance data quality. A hybrid feature selection method integrating
Correlation-Based Feature Selection (CFS), Recursive Feature Elimination (RFE), and Genetic Algorithms (GA) will
be utilized to optimize the selection of relevant software metrics, reducing redundancy and improving prediction
accuracy [19].

The predictive modeling phase will involve traditional machine learning models like Random Forest (RF) and
Support Vector Machines (SVMs) as base lines, while deep learning models such as Multilayer Perceptron (MLP) and
Convolutional Neural Networks (CNNs) will be developed for improved accuracy. Optimization techniques, including
model pruning, quantization, and GPU acceleration, will be applied to enhance computational efficiency and
scalability. Performance evaluation will be conducted using accuracy, precision, recall, Fi-score, and ROC-AUC
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metrics, ensuring the robustness of the proposed model. K-fold cross-validation will further validate the model’s
generalizability, addressing issues of overfitting and dataset bias [20].

COMPARATIVE STUDY ON THE BASIC OF LITERATURE SURVEY
Table: 1.1 Summary of Materials and Methods

Component Description
Data Sources NASA PROMISE, Open-source repositories
Preprocessing Normalization, Missing value imputation, Encoding

Feature Selection ||CFS, RFE, Genetic Algorithms (GA)

Models Used Random Forest (RF), SVM, MLP, CNN

Optimization Model Pruning, Quantization, GPU Acceleration

Evaluation Metrics||Accuracy, Precision, Recall, F1-score, ROC-AUC

Validation K-fold cross-validation (K=5)

This structured approach ensures that the proposed model is optimized for accuracy, computational efficiency, and
generalizability.

RESULT AND DISCUSSION

This section presents the experimental results, their interpretation, and the conclusions drawn from the analysis.
The results are structured into subsections for clarity [21].

PERFORMANCE EVALUATION
Model Accuracy and Efficiency

The effectiveness of the proposed hybrid deep learning and evolutionary algorithm approach was evaluated based
on multiple performance metrics:

e Accuracy: The percentage of correctly predicted software quality metrics.
e Precision and Recall: Indicators of the model’s ability to identify true positive and false negative defects.
e Computational Efficiency: Measured in terms of training time and memory usage.

Key observations:

1. The optimized neural network model achieved 89.2% accuracy, outperforming traditional machine
learning models.

2. The hybrid feature selection technique reduced computation time by 35% while maintaining high
precision.

3. The combination of deep learning and genetic algorithms demonstrated superior performance in defect
prediction compared to standalone machine learning models [22].
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FIGURES, TABLES, AND SCHEMES

Table 2. Performance Comparison of Different Models

Model Accuracy || Precision || Recall ||F1-Score| Training Time Test Time
(%) (%) (%) (%) (hours) (seconds)

Random Forest 75.3 74.1 72.5 73.3 5.2 1.5
SVM 78.5 77.8 75.4 76.6 4.7 1.2
Neural Network (Pre-
Optimization) 83.1 82.5 80.3 81.4 10.5 3.5
Neural Network 80.2 38 871 8.8 81 28
(Optimized) 9 5 7 7 ) ’

The text continues here (Figure 1 and Table 2).

Figure 1. Accuracy Comparison of Different Models

Figure 1. Accuracy Comparison of Different Models

Neural Network (Optimized) 89.2%

Neural Network (Pre-Optimization)

Models

SVM

Random Forest

L | |

70 75 80 85 90 95
Accuracy (%)

(Figure placeholder - A bar chart illustrating accuracy improvements across different models.)

Table 3. Computational Efficiency Metrics

‘ Model HMemory Usage (MB)HTraining Time Reduction (%)|

’Random Forest H500 H— |

s a0 5% |

’Neural Network (Pre-Optimization)Hmoo H- |

’Neural Network (Optimized) Hgoo H35% |
DISCUSSION ON RESULTS

The experimental results indicate that the hybrid approach effectively enhances software quality prediction by
integrating deep learning and evolutionary algorithms [42]. The reduction in computational complexity and
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increased predictive accuracy demonstrate the practical feasibility of the model in real-world software engineering
applications. Future work should focus on expanding the dataset and further optimizing deep learning architectures
to enhance interpretability and scalability [ 23].

DISCUSSION OF RESULTS

The experimental results demonstrate that the proposed hybrid deep learning and evolutionary algorithm approach
significantly improves software quality prediction. The optimized neural network model achieved 89.2% accuracy,
outperforming traditional machine learning models such as Random Forest and Support Vector Machines [43]. This
improvement is attributed to the hybrid feature selection mechanism, which reduces redundant features and
enhances model interpretability. Additionally, the reduction in computational overhead by 35% due to model
pruning and optimization techniques indicates that the proposed approach is both accurate and computationally
efficient [24].

Furthermore, the results highlight the importance of integrating genetic algorithms with deep learning models. The
adaptive feature selection process ensures that only the most relevant software quality metrics are used, leading to
better generalization across diverse datasets [44]. The comparative analysis also shows that deep learning models
alone, while powerful, can be inefficient without proper feature selection and optimization strategies [46]. By
leveraging evolutionary algorithms, the hybrid approach balances predictive performance with resource efficiency,
making it more suitable for real-world software engineering applications [25].

Despite these advancements, there are areas for improvement. The model’s reliance on high-performance computing
resources may limit its applicability in resource-constrained environments [45]. Future research should explore
lightweight deep learning architectures and alternative optimization techniques to further enhance scalability.
Additionally, incorporating real-time data processing capabilities could make software quality prediction more
dynamic and adaptive to evolving software development practices [26].

CONCLUSION

This study demonstrates the effectiveness of a hybrid deep learning and evolutionary algorithm approach in
enhancing software quality prediction. By integrating genetic algorithms for feature selection with deep learning
models, the proposed method achieves higher accuracy (89.2%) and improved computational efficiency
compared to traditional machine learning techniques. The results highlight the significance of optimizing feature
selection and reducing redundancy to enhance model interpretability and scalability.

Furthermore, the study shows that deep learning models alone can be computationally demanding, but when
combined with evolutionary optimization techniques, they provide a balance between predictive performance and
efficiency. The reduction in training time and resource usage underscores the feasibility of deploying such models in
real-world software development environments.

While the approach yields promising results, future research should explore lightweight deep learning architectures
and real-time data processing techniques to enhance adaptability. Additionally, integrating Explainable AT (XAI)
methods can improve model transparency and trust among software developers. Addressing these aspects will further
strengthen AI-driven software quality prediction, making it more practical and widely applicable in industry settings.
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