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 ABSTRACT: In software development systems, the maintenance process of software systems attracted the attention 

of researchers due to its importance in fixing the defects discovered in the software testing by using bug reports (BRs) 

which include detailed information like description, status, reporter, assignee, priority, and severity of the bug and other 

information. The main problem in this process is how to analyze these BRs to discover all defects in the system, which 

is a tedious and time-consuming task if done manually because the number of BRs increases dramatically. Thus, the 

automated solution is the best. Most of the current research focuses on automating this process from different aspects, 

such as detecting the severity or priority of the bug. However, they did not consider the nature of the bug, which is a 

multi-class classification problem. This project solves this problem by proposing a new prediction model to analyze 

BRs and predict the nature of the bug. The proposed model constructs an ensemble machine learning algorithm using 

natural language processing (NLP) and machine learning techniques. We simulate the proposed model by using a 

publicly available dataset for two online software bug repositories (Mozilla and Eclipse), which includes six classes: 

Program Anomaly, GUI, Network or Security, Configuration, Performance, and Test-Code.  

 

I. INTRODUCTION 

 

In software development, defects in response to client requirements can lead to system failures, often discovered during 

software testing. These defects, commonly referred to as software faults, arise due to errors in the development process 

and can compromise software quality. Predicting software defects is a crucial aspect of software engineering, aiming to 

identify faulty modules early in the development cycle. Effective defect prediction models play a significant role in 

reducing development costs, improving maintenance efficiency, and enhancing software reliability. By detecting 

defects early, organizations can prioritize testing efforts, optimize resource allocation, and ensure the delivery of high-

quality software. Traditional defect prediction methods often rely on static analysis and historical defect data, but they 

face challenges in handling complex software architectures. 

 

 

Figure 1: System Architecture. 
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II. LITERATURE REVIEW 

 

Many researchers have worked on predicting software defects using different techniques. Earlier approaches mainly 

focused on simple rule-based systems or basic machine learning models, which were useful but had several 

limitations, such as low accuracy and difficulty in handling large amounts of data. 

 

For example, H. Wang et al. (2015) introduced a method to prioritize software testing by analyzing the impact of 

changes in code. This helped in finding defects faster. Similarly, K. Zhai et al. (2014) developed a method for testing 

location-based services, which improved the accuracy of defection detection for apps that rely on location data. 

 

A study by M. Bozkurt et al. (2013) provided an overview of various techniques used in software testing, 

highlighting the challenges in automating the process. Y. Ni et al. (2013) focused on improving test case generation 

for certain software systems, making the process of detecting bugs more efficient. Later, H. Wang et al. (2017) 

introduced a smarter way to choose test cases, reducing the number of unnecessary tests while still catching software 

defects. 

 

While these studies improved defect prediction and software testing, most of them focused only on detecting whether 

a defect exists or not, rather than identifying what type of defect it is. Additionally, they did not fully utilize natural 

language processing (NLP), which can analyze the text in bug reports to provide deeper insights. 

 

This research builds on previous work by using NLP and ensemble machine learning models to classify software 

defects into multiple categories. By testing the model on real-world bug report datasets from Mozilla and Eclipse, this 

study aims to improve accuracy, reduce manual effort, and create a more efficient system for predicting software 

defects. While these studies contributed significantly to defect prediction and software testing, most of them focused 

on binary classification or regression testing without addressing the multi-class classification problem in bug reports. 

Additionally, many existing approaches lack the integration of natural language processing (NLP), which can extract 

valuable insights from textual bug reports to improve prediction accuracy. To address these limitations, this research 

builds upon previous studies by incorporating ensemble learning techniques and NLP-based feature extraction for 

multi-class defect prediction. By leveraging publicly available datasets from Mozilla and Eclipse, this study aims to 

enhance software defect classification accuracy while reducing manual effort and improving scalability. 

 

III. METHODOLOGY OF PROPOSED SURVEY 

 

The Software Development Life Cycle (SDLC) is a series of stages that provide a structured approach to the software 

development process. It encompasses understanding the business requirements, eliciting needs, converting concepts 

into functionalities and features, and ultimately delivering a product that meets business needs. A proficient 

software developer should possess adequate knowledge to select the appropriate SDLC model based on project 

context and business requirements. Therefore, it is essential to select the right SDLC model tailored to the specific 

concerns and requirements of the project to ensure its success. To explore more about choosing the right SDLC 

model, you can follow this link for additional information. Furthermore, to delve deeper into software lifecycle 

testing and SDLC stages, follow the highlighted links here. The exploration will cover various types of SDLC 

models, their benefits, disadvantages, and when to use them. SDLC models can be viewed as tools to enhance 

product delivery. Therefore, understanding each model, its advantages, disadvantages, and the appropriate usage is 

crucial to determine which one suits the project context. 

 

Types of Software developing life cycles (SDLC) 

 

➢ Waterfall Model 

➢ V-Shaped Model 

➢ Evolutionary Prototyping Model 

➢ Spiral Method (SDM) 

➢ Iterative and Incremental Method 

➢ Agile development 

IV.CONCLUSION AND FUTURE WORK 

http://melsatar.blog/2018/02/16/the-waterfall-model-a-different-perspective/
https://melsatar.blog/2018/08/27/the-validation-and-verification-model-the-v-model/
http://en.wikipedia.org/wiki/Software_prototyping
http://en.wikipedia.org/wiki/Spiral_model
http://en.wikipedia.org/wiki/Software_development_methodology
http://en.wikipedia.org/wiki/Iterative_and_incremental_development
http://en.wikipedia.org/wiki/Agile_software_development
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Software defect prediction is a crucial area of research in software engineering, aiming to identify flaws in source code 

before testing. Traditional methods like system and unit testing become challenging as projects grow and complexity. 

This study analyzed five NASA datasets (JM1, CM1, KC1, KC2, and PC1) using machine learning techniques such as 

Bayesian Net, Logistic Regression, and Random Forest, paired with feature selection in WEKA. Future enhancements 

for this study could include integrating advanced deep learning models, like CNNs and LSTMs, to handle complex 

patterns in source code. Hybrid and ensemble approaches, combining algorithms such as Random Forest with boosting 

methods, could improve prediction accuracy and robustness. 
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