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Abstract: Software bug triaging is a crucial software maintenance activity that involves assigning reported bugs to appropriate 
developers and determining their priority. Manual bug triaging is often time-consuming, error-prone, and inefficient for large-
scale software projects due to the increasing volume of bug reports. This paper presents an intelligent bug triaging framework 
that integrates CodeBERT, Graph Attention Networks (GAT), FAISS, XGBoost, and SHAP to automate bug analysis and 
improve decision-making. Initially, bug reports are preprocessed and transformed into contextual semantic embeddings using 
CodeBERT. FAISS performs efficient similarity search to retrieve related historical bug reports, while GAT captures 
relationships among bug reports, developers, and software components to enhance developer recommendation. The extracted 
semantic and graph-based features are combined and supplied to an XGBoost classifier for bug priority prediction. To improve 
model transparency, SHAP is employed to explain the contribution of individual features to each prediction. The proposed 
framework is deployed through a Streamlit-based web application that provides an interactive interface for bug analysis and 
recommendation. By combining semantic understanding, graph learning, similarity retrieval, and explainable artificial 
intelligence, the proposed system improves the efficiency, accuracy, and interpretability of automated bug triaging, making it 
suitable for large-scale software maintenance environments. 
Keywords— Bug Triaging, Software Maintenance, CodeBERT, Graph Attention Network, FAISS, XGBoost, SHAP, Explainable 
Artificial Intelligence, Machine Learning, Streamlit. 
 

I. INTRODUCTION 
Software maintenance is one of the most important phases of the Software Development Life Cycle (SDLC), accounting for a 
significant portion of the overall development effort. A major activity during software maintenance is bug triaging, which involves 
analyzing reported software defects, identifying their severity and priority, and assigning them to the most suitable developers for 
resolution. Efficient bug triaging is essential for reducing bug resolution time, improving software quality, and ensuring the timely 
delivery of software products. 
With the rapid growth of large-scale software projects and open-source repositories, thousands of bug reports are submitted daily 
through issue tracking systems such as Bugzilla, Jira, and GitHub Issues. Manual bug triaging is labor-intensive, time-consuming, 
and often inconsistent, as project managers must analyze each report and identify the developer with the appropriate expertise. As 
the number and complexity of bug reports increase, manual assignment becomes increasingly difficult, leading to delayed bug 
resolution and higher maintenance costs. Several automated bug triaging techniques have been proposed using traditional machine 
learning algorithms, including Naïve Bayes, Support Vector Machines (SVM), Random Forests, and Decision Trees. These 
approaches primarily rely on handcrafted textual features such as Bag-of-Words (BoW) and Term Frequency–Inverse Document 
Frequency (TF-IDF). Although they reduce manual effort, they often fail to capture the contextual meaning of bug reports and 
struggle with complex software engineering terminology, resulting in reduced prediction accuracy. 
Recent advances in transformer-based language models have significantly improved semantic understanding in software engineering 
tasks. CodeBERT, a pre-trained model trained on both programming language and natural language corpora, generates contextual 
embeddings that effectively represent software bug reports. These embeddings preserve semantic information and enable better 
identification of similar bugs compared with conventional text representation methods. 
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Besides textual semantics, the relationships among developers, software components, and historical bug reports play a vital role in 
developer recommendation. Graph Attention Networks (GATs) are capable of learning these structural relationships by assigning 
adaptive attention weights to neighboring nodes, thereby capturing developer expertise and collaboration patterns more effectively 
than traditional graph-based approaches. 
To further improve the efficiency of bug triaging, the proposed framework integrates Facebook AI Similarity Search (FAISS) for 
fast retrieval of semantically similar historical bug reports. This enables efficient searching in large software repositories and assists 
in identifying previously resolved issues that are relevant to newly reported bugs. In addition, an XGBoost classifier is employed to 
predict bug priority using semantic and graph-based features. To enhance transparency and user trust, SHAP (SHapley Additive 
Explanations) is incorporated to explain the contribution of individual features to each prediction. 
Based on these technologies, this paper proposes an Intelligent Bug Triaging Framework that combines CodeBERT, FAISS, Graph 
Attention Networks, XGBoost, and SHAP into a unified architecture. The framework automates semantic feature extraction, similar 
bug retrieval, developer recommendation, priority prediction, and explainable decision support. A Streamlit-based web application 
is developed to provide an interactive interface for practical software maintenance. 
The major contributions of this work are summarized as follows: 
 Development of an automated bug triaging framework using CodeBERT for contextual semantic feature extraction. 
 Integration of FAISS for efficient semantic retrieval of historical bug reports. 
 Utilization of Graph Attention Networks to model relationships among developers, bug reports, and software components. 
 Implementation of an XGBoost classifier for accurate bug priority prediction. 
 Incorporation of SHAP to provide interpretable explanations for prediction results. 
 Deployment of the complete framework through a Streamlit-based web application for real-time bug analysis and 

recommendation. 
The remainder of this paper is organized as follows. Section II reviews existing research on automated bug triaging. Section III 
describes the proposed methodology. Section IV presents the system architecture and algorithms. Section V discusses the 
experimental setup and results. Finally, Section VI concludes the paper and outlines future research directions. 
 

II. RELATED WORK 
Automated bug triaging has been widely studied to reduce the manual effort involved in assigning software bugs to appropriate 
developers. Early approaches treated bug triaging as a text classification problem using traditional machine learning algorithms such 
as Naïve Bayes, Support Vector Machines (SVM), Decision Trees, and Random Forests. These methods commonly employed 
feature extraction techniques such as Bag-of-Words (BoW) and Term Frequency–Inverse Document Frequency (TF-IDF). Although 
they improved the efficiency of bug assignment, they were limited in capturing the semantic context of bug reports and often 
produced lower accuracy for large and complex software repositories. 
The emergence of deep learning introduced more effective techniques for bug report analysis. Models based on Convolutional 
Neural Networks (CNNs) and Long Short-Term Memory (LSTM) networks automatically learned textual features from bug 
descriptions and demonstrated better performance than conventional machine learning approaches. However, these models primarily 
focused on textual information and did not fully exploit the relationships among developers, software components, and historical 
bug reports. 
Recent advancements in transformer-based language models have significantly enhanced software engineering applications. 
CodeBERT, pre-trained on both source code and natural language, generates contextual embeddings that effectively represent 
software bug reports. Compared with traditional feature extraction methods, CodeBERT captures semantic relationships more 
accurately, leading to improved bug classification, code search, and developer recommendation performance. 
Graph-based learning techniques have also gained attention in automated bug triaging. Graph Attention Networks (GATs) model the 
relationships among bug reports, developers, and software components by assigning adaptive attention weights to neighboring 
nodes. This enables the framework to learn developer expertise and collaboration patterns more effectively than conventional graph-
based methods, thereby improving recommendation accuracy. 
Efficient retrieval of similar historical bug reports is another important aspect of intelligent bug triaging. Facebook AI Similarity 
Search (FAISS) provides scalable vector indexing and approximate nearest-neighbor search for high-dimensional embeddings. By 
retrieving semantically similar historical bugs, FAISS assists in identifying relevant developer assignments and accelerates the bug 
triaging process. 
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Despite these advances, most existing studies focus on only one or two aspects of automated bug triaging, such as semantic feature 
extraction, graph learning, or priority prediction. Very few approaches integrate transformer-based embeddings, graph neural 
networks, semantic similarity search, explainable artificial intelligence, and interactive deployment into a single framework. 
To address these limitations, this paper proposes an integrated bug triaging framework that combines CodeBERT for semantic 
feature extraction, FAISS for similarity retrieval, Graph Attention Networks for developer recommendation, XGBoost for bug 
priority prediction, and SHAP for explainable decision-making. The complete framework is deployed through a Streamlit 
application, providing an efficient and interpretable solution for intelligent software bug triaging. 
 

III. PROPOSED METHODOLOGY 
The proposed Intelligent Bug Triaging Framework integrates transformer-based semantic learning, graph neural networks, semantic 
similarity search, machine learning, and explainable artificial intelligence to automate software bug analysis and developer 
recommendation. The overall workflow consists of six major stages: data preprocessing, semantic feature extraction, similarity 
retrieval, graph-based learning, bug priority prediction, and explainable decision support. Figure 1 illustrates the overall architecture 
of the proposed system. 
 
A. Data Preprocessing 
Bug reports collected from software repositories contain information such as bug summary, description, product, component, 
severity, priority, and assigned developer. Before model training, the reports are preprocessed to improve data quality. The 
preprocessing steps include duplicate removal, handling missing values, text normalization, tokenization, stop-word removal, and 
conversion of text into a standardized format. These operations reduce noise and prepare the data for semantic feature extraction. 
 
B. Semantic Feature Extraction using CodeBERT 
The preprocessed bug reports are transformed into contextual semantic embeddings using CodeBERT, a transformer-based language 
model pre-trained on both programming language and natural language corpora. Unlike traditional feature extraction methods such 
as TF-IDF, CodeBERT captures the contextual meaning of software-related text and produces dense vector representations. 
For a given bug report B, the semantic embedding is represented as: 
[ 
E = \text{CodeBERT}(B) 
] 
where E denotes the contextual embedding generated from the bug report. These embeddings provide a rich semantic representation 
that improves similarity analysis and downstream prediction tasks. 
 
C. Similar Bug Retrieval using FAISS 
To identify previously resolved issues, the generated embeddings are indexed using Facebook AI Similarity Search (FAISS). FAISS 
performs efficient Approximate Nearest Neighbor (ANN) search and retrieves the top-k semantically similar historical bug reports. 
This process helps identify duplicate or related issues and provides valuable historical information for developer recommendation. 
 
D. Graph Construction and Graph Attention Network 
Software maintenance involves complex relationships among bug reports, developers, and software components. To model these 
interactions, a heterogeneous graph is constructed in which nodes represent bug reports, developers, and software modules, while 
edges represent assignment and dependency relationships. The constructed graph is processed using a Graph Attention Network 
(GAT). The attention mechanism assigns different importance weights to neighboring nodes, allowing the model to learn developer 
expertise and collaboration patterns more effectively. The graph representations are combined with semantic embeddings to 
generate a comprehensive feature representation for each bug report. 
 
E. Bug Priority Prediction using XGBoost 
The semantic features obtained from CodeBERT and the graph representations learned by the GAT are fused into a single feature 
vector. This integrated representation is provided as input to an XGBoost classifier, which predicts the priority level of each bug 
report. XGBoost is selected because of its high prediction accuracy, robustness, scalability, and ability to model complex nonlinear 
relationships. The predicted priority assists project managers in scheduling bug resolution based on urgency. 
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F. Explainable Prediction using SHAP 
Although machine learning models achieve high predictive performance, their decisions are often difficult to interpret. To improve 
transparency, the proposed framework incorporates SHAP (SHapley Additive Explanations). SHAP quantifies the contribution of 
each feature to the final prediction and identifies the factors that most influence developer recommendation and priority prediction. 
This improves user trust and supports informed decision-making during software maintenance. 
 
G. Streamlit-Based Deployment 
The complete framework is deployed using a Streamlit web application. The interface enables users to upload or enter bug reports, 
retrieve semantically similar historical issues, obtain developer recommendations, predict bug priorities, and visualize SHAP-based 
explanations. This interactive deployment demonstrates the practical applicability of the proposed framework for real-world 
software development environments. 
 
H. Workflow of the Proposed Framework 
The overall workflow of the proposed methodology is summarized as follows: 
1) Collect and preprocess software bug reports. 
2) Generate semantic embeddings using CodeBERT. 
3) Retrieve similar historical bugs using FAISS. 
4) Construct a developer–bug interaction graph. 
5) Learn graph representations using the Graph Attention Network. 
6) Fuse semantic and graph-based features. 
7) Predict bug priority using XGBoost. 
8) Generate SHAP explanations for prediction results. 
9) Display recommendations through the Streamlit application. 
The proposed methodology combines semantic understanding, graph-based learning, efficient similarity retrieval, and explainable 
machine learning into a unified framework. This integrated approach enhances developer recommendation accuracy, improves bug 
priority prediction, reduces manual triaging effort, and provides transparent decision support for modern software maintenance 
systems. 
 

IV. SYSTEM ARCHITECTURE AND ALGORITHMS 
A. System Architecture 
The proposed Intelligent Bug Triaging Framework integrates semantic feature extraction, graph learning, similarity retrieval, 
machine learning, and explainable artificial intelligence into a unified architecture. The system is designed to automate developer 
recommendation and bug priority prediction while providing interpretable results. The overall architecture is shown in Figure 1. 
Initially, software bug reports are collected from issue tracking repositories and passed through a preprocessing module that 
removes duplicate records, handles missing values, and normalizes textual data. The cleaned bug reports are then processed using 
CodeBERT, which generates contextual semantic embeddings representing the meaning of each bug report. 
The generated embeddings are indexed using FAISS, enabling efficient retrieval of semantically similar historical bug reports. 
Simultaneously, a heterogeneous graph is constructed to represent relationships among bug reports, developers, and software 
components. This graph is processed using a Graph Attention Network (GAT), which learns developer expertise by assigning 
adaptive attention weights to neighboring nodes. 
The semantic embeddings and graph-based features are combined into a unified feature representation and provided to an XGBoost 
classifier for bug priority prediction. Finally, SHAP generates feature importance scores to explain the prediction results. The 
complete framework is deployed through a Streamlit web application that provides an interactive interface for bug analysis, 
developer recommendation, and priority prediction. 
 
B. System Modules 
The proposed architecture consists of the following major modules: 
1) Data Preprocessing: Cleans and normalizes bug reports by removing duplicate records, handling missing values, and preparing 

textual data for semantic analysis. 
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2) CodeBERT Feature Extraction: Converts each bug report into a contextual embedding that captures semantic information from 
software-related text. 

3) FAISS Similarity Retrieval: Retrieves semantically similar historical bug reports using Approximate Nearest Neighbor (ANN) 
search to support developer recommendation. 

4) Graph Attention Network: Models relationships among developers, bug reports, and software components to learn developer 
expertise and collaboration patterns. 

5) XGBoost Prediction: Predicts the priority level of each bug report using the combined semantic and graph-based features. 
6) SHAP Explainability: Explains the contribution of individual features to each prediction, improving transparency and user trust. 
7) Streamlit Deployment: Provides a user-friendly interface for uploading bug reports, viewing recommendations, and visualizing 

prediction results. 
 
C. Proposed Algorithm 
The overall bug triaging process is summarized in Algorithm 1. 
Algorithm 1: Intelligent Bug Triaging Framework 
Input: Bug Report B 
Output: Recommended Developer, Bug Priority, SHAP Explanation 
1) Load historical bug dataset. 
2) Preprocess the input bug report. 
3) Generate semantic embedding using CodeBERT. 
4) Retrieve similar historical bug reports using FAISS. 
5) Construct the developer–bug interaction graph. 
6) Learn graph representations using the Graph Attention Network. 
7) Fuse semantic and graph features. 
8) Predict bug priority using XGBoost. 
9) Generate SHAP explanations for the prediction. 
10) Display developer recommendation and priority through the Streamlit interface. 
 
D. Workflow of the Proposed System 
The proposed framework performs bug triaging through the following sequence: 
1) Collect software bug reports. 
2) Preprocess textual information. 
3) Generate CodeBERT embeddings. 
4) Retrieve similar bugs using FAISS. 
5) Learn developer relationships using GAT. 
6) Combine semantic and graph-based features. 
7) Predict bug priority using XGBoost. 
8) Explain prediction results using SHAP. 
9) Display recommendations through the Streamlit application. 
 
E. Advantages of the Proposed Architecture 
The proposed architecture offers several advantages over conventional bug triaging approaches: 
1) Captures contextual semantics using CodeBERT. 
2) Retrieves similar historical bugs efficiently using FAISS. 
3) Learns developer expertise through Graph Attention Networks. 
4) Predicts bug priority with high accuracy using XGBoost. 
5) Improves model transparency using SHAP explanations. 
6) Provides an interactive and scalable deployment through Streamlit. 
7) Reduces manual effort and supports faster software maintenance. 
The integration of semantic language models, graph neural networks, similarity search, explainable machine learning, and 
interactive deployment provides a comprehensive and efficient solution for intelligent software bug triaging. 
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V. EXPERIMENTAL SETUP AND RESULTS 
A. Experimental Setup 
The proposed Intelligent Bug Triaging Framework was implemented to evaluate its effectiveness in automated developer 
recommendation and bug priority prediction. The implementation integrates CodeBERT, FAISS, Graph Attention Networks (GAT), 
XGBoost, and SHAP within a unified software maintenance framework. The experiments were conducted using Python and modern 
machine learning libraries. 
 

Software Environment 
Component Technology 
Programming Language Python 3.x 
Deep Learning Framework PyTorch 
Transformer Model CodeBERT 
Graph Learning PyTorch Geometric 
Similarity Search FAISS 
Machine Learning XGBoost 
Explainable AI SHAP 
Web Framework Streamlit 

 
Hardware Environment 

Component Specification 
Processor Intel Core i7 or Equivalent 
RAM 16 GB 
Storage SSD 
Operating System Windows/Linux 

 
The modular architecture enables execution on both CPU and GPU environments. 
 
B. Dataset 
The framework was evaluated using historical bug reports collected from publicly available software repositories. Each bug report 
contains attributes such as bug summary, description, component, priority, severity, assigned developer, and resolution status. 
Before training, the dataset was preprocessed by removing duplicate records, handling missing values, and normalizing textual 
information. 
The dataset was divided into: 
 Training Set: 80% 
 Testing Set: 20% 
This split ensures reliable evaluation of the proposed framework on unseen bug reports. 
 
C. Evaluation Metrics 
The performance of the proposed framework was evaluated using standard classification metrics. 
 Accuracy: Measures the percentage of correctly classified bug reports. 
 Precision: Indicates the proportion of correctly predicted positive instances. 
 Recall: Measures the ability of the model to identify relevant bug reports. 
 F1-Score: Represents the harmonic mean of Precision and Recall. 
 Retrieval Time: Measures the efficiency of FAISS in retrieving similar bug reports. 
 Prediction Time: Evaluates the time required for developer recommendation and bug priority prediction. 
These metrics provide a comprehensive assessment of the effectiveness and efficiency of the proposed system. 
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D. Experimental Results 
The experimental results demonstrate that the proposed framework effectively combines semantic feature extraction, graph learning, 
similarity retrieval, and explainable machine learning for intelligent bug triaging. 
CodeBERT generated meaningful contextual embeddings that improved the semantic representation of bug reports compared with 
traditional text-based methods. FAISS enabled efficient retrieval of semantically similar historical bugs, reducing the time required 
to identify previously resolved issues. 
The Graph Attention Network (GAT) effectively captured relationships among developers, software components, and historical bug 
reports, resulting in improved developer recommendation performance. By combining semantic embeddings with graph-based 
representations, the system produced more accurate recommendations than approaches relying solely on textual features. 
The XGBoost classifier accurately predicted bug priority levels using the integrated feature representation. In addition, the SHAP 
explanation module provided clear insights into the contribution of different features, improving the transparency and 
interpretability of prediction results. 
 
E. Comparative Analysis 
Table I presents a comparison between the proposed framework and commonly used automated bug triaging approaches. 
 

Table I. Comparison of Bug Triaging Approaches 
Method Semantic Understanding Graph Learning Similarity Retrieval Explainability Deployment 
TF-IDF + SVM Low No No No No 
CNN Moderate No No No Limited 
LSTM Moderate No No No Limited 
BERT High No No Limited Limited 
Graph Neural Network Moderate Yes No No Limited 
Proposed Framework Very High Yes Yes (FAISS) Yes (SHAP) Yes (Streamlit) 

 
The proposed framework integrates multiple advanced techniques within a single architecture, enabling improved semantic 
understanding, efficient retrieval, graph-based learning, and explainable predictions. 
 
F. Discussion 
The experimental study demonstrates that combining transformer-based semantic embeddings with graph neural networks enhances 
automated bug triaging. CodeBERT effectively captures the contextual meaning of bug reports, while FAISS accelerates similarity 
retrieval from large repositories. The Graph Attention Network models developer expertise through historical interactions, 
improving recommendation quality. Furthermore, SHAP increases user confidence by explaining prediction decisions, making the 
framework more suitable for practical software maintenance environments. 
Overall, the proposed framework provides an efficient, scalable, and interpretable solution for automated bug triaging, supporting 
software teams in reducing manual effort and improving bug resolution efficiency. 
 

VI. CONCLUSION AND FUTURE WORK 
A. Conclusion 
This paper presented an Intelligent Bug Triaging Framework that integrates CodeBERT, FAISS, Graph Attention Networks (GAT), 
XGBoost, and SHAP to automate software bug analysis and developer recommendation. The proposed framework combines 
semantic feature extraction, graph-based learning, similarity retrieval, bug priority prediction, and explainable artificial intelligence 
within a unified architecture. 
CodeBERT generates contextual embeddings that effectively capture the semantic meaning of bug reports, while FAISS enables 
efficient retrieval of similar historical issues from large software repositories. The Graph Attention Network models relationships 
among developers, bug reports, and software components, improving developer recommendation accuracy. Furthermore, the 
XGBoost classifier provides reliable bug priority prediction, and SHAP enhances transparency by explaining the contribution of 
individual features to each prediction. The Streamlit-based web application demonstrates the practical applicability of the proposed 
framework in supporting intelligent software maintenance. 
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Overall, the proposed approach reduces manual bug triaging effort, improves recommendation quality, enhances prediction 
interpretability, and provides an efficient solution for large-scale software development environments. 
 
B. Future Work 
Although the proposed framework demonstrates promising performance, several improvements can be explored in future research. 
The framework can be extended by integrating advanced Large Language Models (LLMs) to further improve semantic 
understanding of complex bug reports. Dynamic graph neural networks may also be investigated to capture evolving developer 
expertise and project relationships over time. 
Future work can focus on integrating the framework with issue tracking platforms such as Bugzilla, Jira, and GitHub Issues for real-
time bug triaging and automated developer assignment. Additional factors, including developer workload, availability, and historical 
performance, may also be incorporated to improve recommendation quality. 
Furthermore, evaluating the framework on larger industrial datasets and exploring federated or privacy-preserving learning 
techniques would enhance scalability and practical adoption. These improvements have the potential to further increase the 
efficiency, accuracy, and reliability of intelligent software bug triaging systems. 
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