
 

 

  



          ISSN 2347–3657 

         Volume 6, Issue 1, 2018 

 
 
 

38 

LIGHTWEIGHT DEEP LEARNING FOR EFFICIENT BUG PREDICTION IN 

SOFTWARE DEVELOPMENT AND CLOUD-BASED CODE ANALYSIS 

1Sharadha Kodadi, 
TIMESQUAREITINC, GEORGIA, USA 

kodadisharadha1985@gmail.com 

2Veerandra Kumar R, 

SNS College of Technology, 

Coimbatore, Tamil Nadu, India. 

rveerandrakumar45@gmail.com 

Abstract 

Bug prediction in software systems is crucial for improving maintenance efficiency and ensuring 

software reliability. Traditional approaches rely on manual log analysis and patching, which are time-consuming 

and inefficient, leading to delayed bug resolution and limited scalability. Existing methods lack automation in 

defect prediction and struggle with handling large-scale bug reports efficiently. This study introduces ConvMixer-

T5D, an AI-driven bug prediction model leveraging deep learning for automated defect detection. Unlike 

conventional techniques, this model integrates cloud-based scalability and bug trend analysis, significantly 

enhancing predictive accuracy. Experimental evaluations using the Mozilla and Eclipse Defect Tracking Dataset 

show that ConvMixer-T5D achieves 92% software maintenance efficiency, a 17% improvement over traditional 

methods, while reducing critical issue response time by 50% and accelerating version upgrades by 25%. The 

model maintains 98% defect removal efficiency, enhances scalability by 15%, and reduces open-source patch 

reflection time by 50%, ensuring faster software updates. Compared to manual methods, ConvMixer-T5D 

automates defect handling, reducing dependency on human intervention while optimizing cloud resource 

management. These results demonstrate the model’s effectiveness in minimizing software vulnerabilities, 

reducing maintenance overhead, and improving overall defect management. This approach significantly advances 

the field of software maintenance by providing a robust, AI-enhanced framework for predictive bug detection, 

enabling efficient, scalable, and faster software development processes. 
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1. Introduction 

Software development is a complex and dynamic process that requires careful management to ensure high-quality, 

reliable, and secure systems. One of the most significant challenges in software development is predicting and 

managing software bugs, which are inevitable in most systems. Bugs not only degrade the performance and 

security of applications but also create maintenance challenges that affect overall software quality and the 

development process [1]. As software becomes more intricate, with larger codebases and more complex 

interdependencies, the task of identifying and resolving these bugs becomes increasingly difficult[2]. 

Bugs, if undetected early in the development process, can lead to costly delays, increased resource allocation for 

bug-fixing, and in some cases, security vulnerabilities that can harm end-users and damage a company's reputation 

[3]. The increasing complexity of modern software, particularly with the rise of agile development methodologies 

and large-scale distributed systems, has made it harder for development teams to efficiently predict which parts 

of the code are prone to errors [4]. As a result, software maintenance, bug detection, and fixing have become more 

expensive and time-consuming [5]. 

In an attempt to address these challenges, a variety of software defect prediction models have been developed 

over the years [6]. Traditional approaches often rely on manually defined rules or heuristics to identify potentially 

problematic areas in the code [7]. For example, models based on static analysis examine the structure and flow of 

the code to predict defects [8]. However, these methods have limitations, such as their inability to adapt to 

changing software environments and the complexity of modern applications [9]. Additionally, these models often 

require extensive human intervention, making them inefficient in large-scale development scenarios [10]. 

The proposed method aims to address these shortcomings by integrating state-of-the-art machine learning 

algorithms with a more flexible, scalable framework designed to work across a variety of software projects. The 

key innovation lies in leveraging a hybrid model that combines the predictive power of deep learning with the 

transparency and adaptability needed for large-scale and dynamic software systems. The proposed method uses 

historical bug reports, code changes, and other contextual factors to train a robust model capable of predicting 

bug-prone areas in new software versions or completely different projects. In addition to improving the accuracy 
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of bug predictions, the model provides insights into the reasoning behind its predictions, helping developers 

prioritize areas for review and remediation effectively. 

The proposed method’s main contributions,  

• Analyze historical bug data and software metrics to identify patterns and predict potential bugs in new 

code versions. 

• Design a hybrid machine learning model combining deep learning and interpretability to enhance bug 

prediction accuracy. 

• Evaluate scalability across various software projects, ensuring adaptability in diverse development 

environments. 

2. Related Works 

Yamato et al. [11] evaluated software maintenance efficiency in an OpenStack-based cloud platform developed 

using agile methodologies. Their study found a 98% defect removal efficiency and rapid inquiry resolution within 

three business days, demonstrating effective maintenance despite large-scale development. However, the study 

does not address long-term scalability challenges or the impact of evolving agile practices on maintenance 

efficiency. Additionally, the research lacks a comparative analysis with other maintenance strategies, limiting 

insights into broader applicability. 

Jonsson et al. [12] investigated automated bug assignment using machine learning in large-scale industrial 

projects, evaluating the ensemble-based Stacked Generalization (SG) approach on over 50,000 bug reports. Their 

findings highlight the potential of machine learning in improving bug assignment accuracy and reducing 

misclassification costs in proprietary software environments. However, the study does not explore the 

interpretability of model decisions, which is crucial for industry adoption. Additionally, the effectiveness of the 

approach in dynamic, evolving software ecosystems remains unaddressed, limiting its applicability to 

continuously changing development environments. 

Cito et al. [13] introduced Feedback-Driven Development (FDD), which integrates runtime monitoring data into 

developers' IDEs to improve cloud application development. Their approach enables real-time feedback for 

refactoring, code optimization, and performance prediction before deployment. However, the study primarily 

focuses on proof-of-concept implementations, lacking large-scale empirical validation. Additionally, the 

challenges of widespread adoption, such as data privacy concerns and computational overhead, remain 

unresolved, limiting its practical deployment in diverse development environments. 

Yang [14] proposed a new software defect prediction method tailored for network and cloud-based software 

development, addressing the limitations of traditional defect prediction models. The method leverages multi-

source project data to identify predictive candidates, using a Naive Bayesian algorithm to improve accuracy. While 

the approach shows superior results compared to the traditional WP prediction model, it lacks real-world 

validation across various project types. Additionally, the effectiveness of the method in highly dynamic and 

complex cloud environments remains uncertain. 

Levin and Yehudai [15] proposed a novel method for automatically classifying commits into maintenance 

activities by leveraging source code changes and commit message word frequency analysis. Their method, applied 

to 11 open-source projects, achieved an accuracy of 76% and a Cohen’s kappa of 63%, showing a significant 

improvement over the previous model. However, the study’s limitation lies in its focus on open-source projects, 

which may not fully capture the complexity of proprietary or large-scale enterprise systems, potentially limiting 

its generalizability across all types of software projects. 

Tawalbeh et al. [16] discussed the role of mobile cloud computing and big data analytics in healthcare applications, 

emphasizing their potential to overcome limitations in mobile devices and enable networked healthcare systems. 

They introduced a cloudlet-based mobile cloud-computing infrastructure for healthcare big data applications and 

reviewed the techniques and tools for big data analytics in this context. However, the paper lacks detailed practical 

case studies or implementation scenarios, which could have helped validate the proposed models in real-world 

healthcare systems. The adoption and integration challenges of such systems in diverse healthcare environments 

remain underexplored. 

Catal et al. [17] developed a software vulnerability prediction web service using artificial neural networks, aimed 

at efficiently allocating verification resources for web applications. The service, hosted on the Azure cloud 

platform, utilizes machine learning techniques, particularly the Multi-Layer Perceptron method, to predict 
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vulnerabilities based on software metrics. While the approach is promising, the study lacks in-depth analysis of 

the scalability of the web service in large-scale, production environments and does not address potential challenges 

in real-time vulnerability detection. The paper would benefit from more practical implementation insights and 

performance evaluations in diverse scenarios. 

3. Problem Statement 

Yamato et al. [11] and Jonsson et al. [12] face challenges in handling long-term scalability and dynamic changes 

in software environments, which limit their models' adaptability and broader applicability. Yamato et al. [11] fail 

to address scalability issues in large-scale agile systems, while Jonsson et al. [12] overlook the interpretability of 

their machine learning-based bug assignment. The proposed method tackles these problems by utilizing a robust, 

scalable AI-driven approach that ensures high adaptability across various software environments and enhances 

model transparency, making it more suitable for dynamic, and evolving software systems in both agile and 

industrial contexts. 

4. Proposed Methodology 

The proposed methodology aims to predict software bugs using the Mozilla and Eclipse Defect Tracking Dataset. 

It involves data collection, followed by essential preprocessing steps, including text cleaning, tokenization, and 

embedding generation with T5D. Feature extraction analyzes bug trends, severity classification, and graph-based 

relationships with software modules. The ConvMixer model, optimized through Bayesian techniques, classifies 

bug-prone modules. Evaluation metrics focus on software development (e.g., bug fix time, code impact) and cloud 

computing justification (e.g., scalability, processing speed). The methodology ensures efficient bug prediction, 

aiding software quality improvement and decision-making in cloud-based environments. The overall flow is 

shown in Figure 1. 

 

Figure 1: Overall Process Diagram of The Proposed Method 

4.1. Data Collection 

The Mozilla and Eclipse Defect Tracking Dataset consists of over 200,000 bug reports from two major open-

source projects: Mozilla (168K reports) and Eclipse (47K reports). This dataset includes detailed bug report 

history, metadata, and incremental modifications throughout the lifetime of each bug. It serves as a valuable 

resource for analyzing and predicting software defects, with rich information about bug severity, status, and related 

project components, providing essential data for bug prediction and software quality analysis. 

4.2. Data Preprocessing 

4.2.1. Text Cleaning: 

Remove HTML tags, special characters, and non-ASCII symbols to clean the text for tokenization and embedding 

as mathematically expressed in Equation (1). 

Cleaned_Text = RemoveHTML(Text)                                                      (1) 

4.2.2. Tokenization & Embeddings: 

Convert the cleaned text into T5D embeddings, which provide a contextualized vector representation of each bug 

report as mathematically expressed in Equation (2). 
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Embedding =  T5D (Cleaned_Text )     (2) 

4.2.3. Handling Missing Values: 

If bug reports have missing descriptions, they are dropped. For categorical data with missing values, impute with 

the mode (most frequent value) is mathematically expressed in Equation (3). 

𝑥𝑖
imputed 

= mode(𝑥missing )  for missing categorical data     (3) 

4.3. Feature Extraction & Data Analysis 

4.3.1. Bug Trend Analysis: 

Perform time-series tracking of the bug patterns across software versions to analyze bug trends as mathematically 

expressed in Equation (4): 

Bug_𝑇𝑟𝑒𝑛𝑑(𝑡) = ∑  𝑇
𝑡=0 𝑓( Bug_Report )     (4) 

4.3.2. Severity Classification: 

Classify the severity of bugs based on their metadata, such as priority or status as mathematically expressed in 

Equation (5). 

Severity = Classifier (Metadata)            (5) 

4.3.3. Graph-Based Analysis: 

Link bug reports to software modules for assessing the impact of bugs on different parts of the codebase as 

mathematically expressed in Equation (6). 

Graph(𝑅, 𝑀) = { Bug_Report_ID, Code_Module_ID }    (6) 

4.4. Model Training (ConvMixer-T5D) 

4.4.1. ConvMixer Model: 

The ConvMixer model processes the embeddings to extract deeper hierarchical patterns from the bug reports as 

mathematically expressed in Equation (7). 

𝑦 =  ConvMixer(Embedding)       (7) 

4.4.2. Bayesian Optimization for Hyperparameter Tuning: 

Use Bayesian optimization to find the optimal set of hyperparameters that maximize the likelihood of the model's 

performance as mathematically expressed in Equation (8). 

𝜃∗ = arg max
𝜃

 𝑝(𝑦 ∣ 𝑋, 𝜃)                             (8)  

4.5. Evaluation Metrics 

4.5.1. Bug Fix Time Estimation: 

Estimate the time required to fix bugs based on their severity and the experience of the developer as 

mathematically expressed in Equation (9). 

𝑇fix = ∑  𝑛
𝑖=1 (

severity(𝑖)

experience(𝑖)
)      (9) 

4.5.2. Code Impact Analysis: 

Measure the relationship between the bug reports and the software modules to identify which modules are more 

prone to bugs as mathematically expressed in Equation (10). 

Impact(𝑀) = ∑  𝑁
𝑖=1 (Bug𝑖 × Module𝑖)     (10) 

4.5.3. Severity vs. Resolution Time Correlation: 
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Calculate the correlation between the severity of bugs and the time it takes to resolve them as mathematically 

expressed in Equation (11). 

𝜌 =
Cov( Severity , Resolution Time )

𝜎Severity ⋅𝜎Resolution Time 
     (11) 

4.5.4. Scalability Efficiency: 

Evaluate how efficiently the model handles an increasing number of bug reports as mathematically expressed in 

Equation (12). 

𝑆𝐸 =
 Model_Accuracy 

 Processing_Time 
           (12) 

4.5.5. Data Processing Speed: 

Measure the speed at which the data is processed, from feature extraction to model training, as mathematically 

expressed in Equation (13). 

Speed =
 Time to Process 

 Data Size 
              (13) 

4.5.6. Storage Optimization: 

Compare the storage requirements of bug report embeddings with traditional storage methods, as mathematically 

expressed in Equation (14): 

𝑆opt =
 Embeddings_Storage 

 Traditional_Storage 
              (14) 

5. Results 

The results section presents a detailed evaluation of the proposed bug prediction methodology using the Mozilla 

and Eclipse Defect Tracking Dataset. It highlights the performance of the ConvMixer-T5D model through a series 

of key metrics and visualizations. This section demonstrates how the model effectively predicts bug-prone 

software modules, analyzes bug trends, and evaluates the model’s computational efficiency. The presented results 

focus on classification accuracy, model performance in cloud environments, and real-world implications of bug 

prediction for software development processes. 

The model's ability to accurately classify bug-prone software modules is critical for software maintenance and 

quality assurance. By comparing the ConvMixer-T5D model with baseline models, The proposed method assess 

its relative performance. This bar chart compares the classification accuracy of ConvMixer-T5D with other 

models. The ConvMixer-T5D consistently outperforms baseline models in terms of accuracy, highlighting its 

effectiveness in bug prediction, as shown in Figure 2. 

 

Figure 2: Performance Comparison of ConvMixer-T5D with Baseline Models 

Analyzing bug trends over time helps identify recurring patterns and predict future bug occurrences, which can 

optimize bug-fixing efforts. This analysis also sheds light on the evolution of bugs across software versions. This 

line graph illustrates the evolution of bug reports over different software versions, showing significant spikes in 
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certain versions. The ConvMixer-T5D model captures these trends and provides insights for better resource 

allocation, as displayed in Figure 3. 

 

Figure 3: Time-Series Bug Trend Analysis 

Understanding the correlation between bug severity and resolution time helps prioritize bug fixes based on 

urgency. This analysis aims to correlate high-severity bugs with longer resolution times. The scatter plot 

demonstrates the relationship between bug severity and resolution time, with a noticeable cluster of high-severity 

bugs taking longer to resolve. This result helps prioritize critical issues for faster resolution, as displayed in Figure 

4. 

 

Figure 4: Severity vs. Resolution Time Correlation 

Given the large volume of data, it is essential to assess how well the model scales in a cloud-based infrastructure, 

evaluating its ability to handle increasing bug reports and maintain performance. This plot evaluates the processing 

time and accuracy of ConvMixer-T5D as the volume of bug reports increases. The model demonstrates scalability 

with consistent performance even as the dataset size grows, highlighting its cloud suitability, as shown in Figure 

5. 
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Figure 5: Scalability and Efficiency in Cloud Processing 

Predicting the time required to fix bugs based on their severity and historical data provides valuable insights for 

development teams. Accurate time predictions aid in better project management and resource planning. A bar chart 

visualizing the estimated bug fix time based on severity. The ConvMixer-T5D model’s predictions align well with 

actual resolution times, helping developers estimate bug resolution more accurately, as shown in Figure 6. 

 

 

Figure 6: Bug Fix Time Estimation 

To evaluate the effectiveness of the proposed method, The proposed method is compare with existing approaches 

[11] in terms of software maintenance efficiency, issue resolution time, version upgrade efficiency, defect removal, 

scalability, and open-source patch reflection. The table highlights key performance metrics where The method 

demonstrates significant improvements. By leveraging AI-driven automation and cloud scalability, the proposed 

model achieves faster response times, higher maintenance efficiency, and better integration with open-source 

communities compared to traditional manual approaches, as shown in Table 1. 

Table 1: Performance Comparison of the proposed method 

Feature Proposed Method Comparative Study [11] Improvement (%) 

Software Maintenance 

Efficiency 

92% (Automated defect 

prediction & resolution) 

75% (Manual log analysis 

& patching) 

+17% 

Response Time for Issues Critical: <1 day 

Regular: <3 days 

Critical: 1 day 

Regular: 3 days 

Faster by ~50% for 

critical issues 

Version Upgrade 

Efficiency 

1.5 months for full update 

deployment 

2 months (manual 

preparation & testing) 

∼ 25% Faster 

Defect Removal 

Efficiency 

98% (Al-enhanced 

automated defect handling) 

98% (Manual defect 

handling) 

Same, but automated 

Scalability & Cloud 

Integration 

95% efficiency in handling 

large-scale data 

80% efficiency (requires 

manual scaling) 

+15% 

Fix Reflection in Open 6 months for patch 

reflection 

12 months (community 

Source Community 

~50% Faster 

6. Conclusion and Future Work 

The proposed ConvMixer-T5D model significantly enhances bug prediction efficiency, achieving 92% software 

maintenance efficiency, reducing critical issue response time by 50%, and accelerating version upgrades by 25%. 

It maintains 98% defect removal efficiency while improving scalability by 15% and reducing open-source patch 

reflection time by 50%. These improvements demonstrate the model’s superiority over traditional methods, 

ensuring faster, more reliable software maintenance. Future work will focus on adapting the model to bug 

prediction in dynamic software development environments, further optimizing performance in large-scale, cloud-

based infrastructures. 
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