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ABSTRACT 

Software maintenance in large open-source environments relies heavily on efficient and accurate bug 

triage. Projects such as Eclipse generate tens of thousands of issue reports each year across diverse 

components and severity levels, making manual classification slow, inconsistent, and difficult to scale. 

Earlier automation efforts using single machine learning models like SVM and Logistic Regression 

have achieved only moderate accuracy and often struggle to adapt to evolving bug datasets. This work 

proposes an ensemble-driven, scalable framework for automated Eclipse bug classification. The 

system processes raw bug descriptions through preprocessing steps including tokenization, stop-word 

removal, and lemmatization, followed by TF-IDF-based feature extraction. Five models—SVM, 

Random Forest, Logistic Regression, Extra Trees Voting ensemble, and XGBoost—are trained and 

evaluated on a curated Eclipse–Mozilla dataset. A user-friendly GUI also enables non-expert users to 

upload data, visualize preprocessing, and select models. Under a 70/30 train–test split, results show 

improved performance, with XGBoost achieving the highest scores at 92.27% accuracy, 92.91% 

precision, 92.65% recall, and 92.50% F1-score, demonstrating the effectiveness of the proposed 

ensemble-oriented approach. 
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1. INTRODUCTION 

Software defect prediction (SDP) is a critical 

component of software quality assurance, 

primarily aiming to detect potential defects 

early in the software development life cycle [1, 

2]. There are various activities throughout the 

software development process to identify 

source code defects, including design reviews, 

code inspections, unit testing, integration 

testing, and other functions [3, 4]. Since 

software products must be free of defects to 

maintain customer satisfaction, identifying 

existing software defects is a primary concern 

in software engineering [5, 6].  

To address this issue, SDP leverages tools or 

models such as machine learning (ML) to 

predict source code defects based on historical 

data. The SDP process depends on three main 

components: dependent variables, independent 

variables, and a model. Dependent variables 

are the defect data for the piece of code 

(defective or non-defective), which can be 

binary or ordinal variables. Independent 

variables (inputs) are the metrics that score the 

software code. The model contains the rules or 

algorithms which predict the dependent 

variable from the independent variables. The 

inputs (variables) are split into test and 

training data sets to determine the classifier's 

effectiveness. The training data set is used to 

create the classifier. Then it is used to predict 

potential defects in the test data set and 

evaluate these predictions using different 
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performance measures to determine whether 

they are correct. 

 
Fig. 1. Pipeline of bug prediction in software 

development. 

Software metrics have essential roles in SDP, 

and most SDP strategies rely on software 

metrics as independent variables. Object-

oriented metrics have been designed to support 

finding faults in software projects. Due to the 

enormous variety of software applications, 

identifying, locating, and detecting software 

defects is becoming daunting for researchers. 

Furthermore, defect density is also challenging 

in software defect detection and prediction. 

Usually, defective software databases naturally 

consist of imbalanced data, which generates 

randomness in pattern characteristics; this 

motivates the development of an efficient and 

precise model for SDP. 

2. LITERATURE SURVEY 

The prediction of defects in software systems 

is significant, and there is great interest in 

developing novel high-performance software 

defect predictors. The purpose of SDP models 

is to improve the quality of software. Many 

models have been constructed to recognize the 

defects in software modules using artificial 

intelligence and statistical methods. RNN, 

Support Vector Machine, ANNs, K-Nearest 

Neighbors (KNN)and Deep Neural Networks 

(DNN) are some of the algorithms used for 

SDP. 

Ayon [7] proposed a method based on different 

neural network models. The models were 

evaluated based on five different datasets from 

NASA using different scales. The experimental 

results showed that the proposed method is 

suitable for predicting software defects. This 

method used different performance measures 

and achieved high prediction accuracy.  

Kumar and Satyanarayana [8] developed a 

Hybrid Neural Network model with object-

oriented and CK. metrics for software fault 

prediction. Adaptive Genetic Algorithm has 

been used for ANN optimization. The 

proposed model has been tested with 

PROMISE data sets. The experimental results 

showed better performance compared to major 

existing schemes. Miholca et al. [9] presented 

a supervised classification approach named 

(HyGRAR). It is a nonlinear hybrid model that 

combines gradual relational association rule 

mining and ANNs to predict software defects. 

Experiments were conducted using ten open-

source datasets; their results showed excellent 

performance of the proposed classifier and 

better performance than most previously 

proposed classifiers. Their method achieved 

high prediction accuracy. Khleel and Nehéz 

[10] presented a model based on a 

convolutional neural network (CNN) and 

gated recurrent unit (GRU) combined with a 

synthetic minority oversampling technique 

plus the Tomek link (SMOTE Tomek) to 

predict software defects. The historical data 

obtained from the PROMISE repository were 

used to evaluate the experiments. The 

experimental results have been compared and 

evaluated using several performance measures. 

The experimental results demonstrate that the 

proposed models perform better and that there 

are positive effects of combining CNN and 

GRU models with the SMOTE Tomek method 

on the performance of SDP regarding datasets 

with imbalanced class distributions, and the 

proposed approach is a more promising 

alternative for addressing the problem of class 

imbalance in SDP as compared with previous 

methods. Arar and Ayan [13] proposed a 

hybrid classifier to predict software defect 

problems. The performance of the proposed 

classifier was compared with other algorithms 

based on five datasets, and the results show its 

performance is better. The method used 
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different performance measures and achieved 

high prediction accuracy. Deng et al. [15] 

proposed a novel LSTM method to perform 

SDP; their method can automatically learn 

semantic and contextual information from the 

program's ASTs. The experiment was 

performed on several open-source projects, 

showing that the proposed LSTM method is 

superior to the state-of-the-art methods. 

 Khleel and Nehéz [16] presented a model 

based on a combination of two recurrent 

neural networks (RNNs), namely long-short-

term memory (LSTM) and gated recurrent unit 

(GRU), along with an undersampling method 

(near miss) to predict software bugs. The 

historical data obtained from the GitHub 

repository were used to evaluate the 

experiments. The experimental results have 

been compared and evaluated using several 

performance measures. The experimental 

results lead to the conclusion that the proposed 

models outperform others and the combination 

of RNN models with undersampling methods 

leads to improved bug prediction performance, 

particularly for datasets with imbalanced class 

distributions. Ye et al. [18] proposed a 

classification model using an LSTM network 

to classify bugs based on 9000 bug reports 

from three software projects. The results of the 

evaluation and comparison showed that their 

model achieves the best results. Farid et al. 

[19] proposed a hybrid model using Bi-LSTM 

and a convolutional neural network (CNN) to 

predict software defects. The proposed model 

was evaluated using seven open-source Java 

projects from the PROMISE dataset. Their 

results showed that the proposed model is 

accurate for predicting software defects. Zhou 

and Lu [20] developed an LSTM network 

based on bidirectional and tree structure 

(LSTM-BT) to predict software defects based 

on eight pairs of Java open-source projects. 

The evaluation results showed that the 

proposed model performs better than several 

state-of-the-art defect prediction models. 

Samir et al. [21] proposed a new method using 

DNN to predict software defects. Their method 

has been compared with some ML algorithms. 

Experimental results showed that the proposed 

method slightly improved over the other 

methods. This method achieved high 

prediction accuracy. Alsaeedi and Khan [22] 

proposed a study to compare the most well-

known ML algorithms widely used to predict 

software defects. The performances of models 

were evaluated based on other performance 

metrics. The SMOTE resampling strategy was 

used to mitigate the data imbalance issues. 

Evaluation results showed that some of the 

proposed models performed well.  

Damet et al. [23] developed a novel prediction 

LSTM model, which can automatically learn 

features for representing source code and using 

them for SDP. The model was evaluated based 

on two datasets, one from open-source projects 

contributed by Samsung and the other from the 

public PROMISE repository. The experimental 

results showed the effectiveness of the 

proposed model for both within-project and 

cross-project predictions. Pandey et al. [24] 

proposed a new method using deep 

representation and ensemble learning with 

sampling techniques for software bug 

prediction and dealing with the class 

imbalance problem. The experiment was 

performed based on 12 data sets from the 

PROMISE repository. Evaluation results 

showed that the proposed method 

outperformed other state-of-the-art techniques. 

This method solved the class imbalance 

problem. Fan et al. [25] presented an SDP 

framework via an attention based RNN. The 

models were evaluated based on an open-

source Apache Java project, using F1-measure 

and area under the curve (AUC). Experimental 

results demonstrated that the proposed model 

improves the F1 measure by 14% and AUC by 

7% compared with the state-of-the-art 

methods. Khuat and Le [26] presented an 

empirical study regarding the importance of 

combining sampling techniques and ML 

models on unbalanced data in SDP. The 

experimental results indicated the positive 

effects of combining sampling techniques and 

ML models on defect prediction performance 

concerning data sets with unbalanced class 
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distributions. This method solved the class 

imbalance problem.  

3. PROPOSED METHODOLOGY 

This project delivers an end-to-end, interactive 

desktop application for automating the 

classification of software bug reports into their 

respective component categories (e.g., Client, 

General, Hyades, Releng, Xtext, cdt-core). 

Built with Python’s Tkinter library, it guides a 

user through loading a dataset of bug reports, 

preprocessing textual descriptions, training 

and comparing multiple machine-learning 

models, and ultimately applying the best 

model to new, unseen reports—all without 

writing a single line of code beyond pressing 

buttons. At launch, the user is presented with a 

simple window with project title and required 

action buttons with scrollbar. From there, one 

clicks “Upload Eclipse Mozilla Bug Dataset” 

to select a CSV file containing past bug reports 

(with fields such as long_description and 

component_name). The raw data and record 

counts appear immediately in the text log area. 

Next, the “Data Preprocessing” step cleans and 

transforms the free-text descriptions. A custom 

pipeline removes punctuation and stopwords, 

applies stemming and lemmatization, and 

converts the cleaned text into TF-IDF feature 

vectors (capped at 256 dimensions). These 

vectors are then scaled to a uniform range and 

split into training and testing subsets. This 

process is cached on disk, so repeated runs are 

fast. 

 
Fig. 2. Proposed system architecture of bug 

classification using ensemble-driven scalable 

TF-IDF framework. 

To compare all models at a glance, the 

“Performance Evaluation” button aggregates 

their metrics into a bar chart, making it easy to 

see which algorithm performs best on your 

data. In practice, this helps a team decide 

whether a simple logistic-regression baseline 

suffices or whether the extra complexity of 

XGBoost yields a worthwhile improvement. 

Finally, with a trained XGBoost model saved 

in memory, the “Predict Bug Type from Test 

Data” feature allows the user to load any new 

CSV of bug reports and instantly receive 

predicted component categories. Each 

description is cleaned, vectorized, scaled, and 

passed through the XGBoost model, with 

results streamed into the text log. 

By encapsulating data loading, NLP-based 

preprocessing, multi-model training, 

evaluation, visualization, and live prediction 

into a cohesive GUI, this application 

democratizes advanced bug-classification 

workflows—enabling developers, QA 

engineers, and project managers to harness 

machine learning for faster, more consistent 

bug triage without deep data-science expertise. 

4. RESULTS DESCRIPTION 

Figure 3. shows the main window of the 

custom-built application. It features menu 

options and toolbar buttons to load datasets, 

configure preprocessing, train models, and 

visualize results.  

 
Fig. 3. GUI application of proposed ensemble-

driven scalable TF-IDF framework for 

automated eclipse bug classification. 
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Fig. 4. GUI application after uploading the 

eclipse mozilla dataset. 

Figure 4. illustrates the application 

immediately after the user has selected and 

loaded the combined Eclipse and Mozilla bug 

report corpus. The dataset statistics panel 

shows: 

 Total number of bug reports. 

 Total bug classes found in dataset (e.g. 

UI, Performance, Crash). 

 A preview table listing the first few 

records (ID, title, description). 

 
Fig. 5. GUI application after performing data 

preprocessing and data splitting operations. 

Figure 5 demonstrate the interface reflects that 

text cleaning (tokenization, stop-word 

removal, stemming) and vectorization 

(TF-IDF) have been completed. The data-split 

section displays: 

 
Fig. 6. Confusion matrices obtained using 

XGBoost model. 

Figure 7. illustrates real-world examples where 

the model succeeds or fails, providing insight 

into practical performance and error patterns 

(e.g., confusing “UI layout” vs. “Rendering” 

issues). 

 
(a) 

 
(b) 

Fig. 7. Sample predictions of bug classification 

on test data. 

5. CONCLUSION  

This research presents a comprehensive, 

ensemble-driven TF-IDF framework for 

automated classification of Eclipse bug 

reports, addressing the critical challenge of 

scalable, accurate bug triage in large software 

ecosystems. By systematically preprocessing 

raw textual data—through tokenization, 

stop-word removal, and lemmatization—and 

converting it into TF-IDF feature vectors, we 

enabled a suite of five machine-learning 

models to learn discriminative patterns across 

bug categories. Our evaluation demonstrates 

that while traditional classifiers like SVM and 

Logistic Regression offer moderate 

performance (70–75% accuracy), ensemble 

methods substantially improve results: 

Random Forest achieves over 83% accuracy, 

and the Extra-Trees Voting ensemble reaches 

nearly 90%. Most notably, the XGBoost model 

attains a leading 92.27% accuracy, paired with 

high precision (92.91%), recall (92.65%), and 

F₁-score (92.50%), underscoring its superior 

capability to capture complex, non-linear 
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relationships in the TF-IDF feature space. 

Beyond raw performance, our proposed GUI 

application simplifies the deployment and 

adoption of this pipeline, allowing users 

without machine-learning expertise to upload 

datasets, visualize preprocessing steps, and 

compare model metrics. This user-centric 

design ensures that software teams can 

integrate automated classification into existing 

workflows, reducing manual effort and 

expediting bug resolution. 
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