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Abstract-Enhancing the software maintenance greatly depends on the precise and promydi t of bug reports according to
their bug-category and importance. To resolve the aforementioned problems, d method of classifying and ranking bug
reports is required. Numerous scholars have recently looked into the automat fidion and prioritization of bug reports. But

not much has been accomplished in this area. During software develo

t, th cial stages are testing and maintenance. In
these phases of development activity, bug reports are essg

ware modules are being tested, the software quality
assurance team creates a bug report. But the main issue lysing bug data that is written in normal text. As a
result, processing and extracting information from it is ext challenging. The aforementioned requirements are the driving
force for this research. The Proposed research suggested creatindq@Rybrid model that takes advantage of machine learning models'
contextual awareness as well as more conventio ture extraction methods (such as TF-IDF). A downstream classifier (such as

an SVM, logistic regression) can receive thege sets (one from TF-IDF and the other from BERT) after they have been

concatenated. This enables the model to advan the extensive contextual relationships that BERT captures as well as the

statistical importance of phrases (T two approaches were used separately in the earlier research, which resulted in less
performance. The research madsg
testing, the data included f
description field. s that proposed model achieves 89% accuracy.
Keywords: Te , Bug ¥ports, Inverse Document Frequency, NLP, Machine Learning.

I.  INTRODUCTION

Abugr contai ariety of information, including requests for features, requests for functionality enhancements, code faults, logical
and ¢ ity problems. Priority, summary, affected component description, and open/close status are among the headings that
eport [2]. But the main issue that comes up when analyzing bug reports is that data which is written in normal language. As
#UIt, processing and extracting information from it is extremely challenging. The development team has to put in a lot of work to
prehend and fix the issues that have been reported. There are numerous research that deal with the problems pertaining to bug reports
[4]-19]. Bug classification [2], [20], [21], bug severity prediction [15],[16] bug assignment, bug localization, bug priority bug

categorization and bug report summarizing are a few of these. The most crucial information needed from each bug report is still the



classification and prioritizing of bugs. The information extraction technique was automated in the majority of the investigations using
supervised machine learning algorithms . By using these techniques, a manually labelled dataset of bug reports is trained to create a
classification model that is subsequently utilised to automatically prioritize and classify new issues using pre-defined labels. Large labelled

datasets are necessary for supervised learning approaches, but they are not readily accessible. The majority of the datasets that are ¢

available lack category and priority information. Moreover, the majority of research that is now accessible focuses on a single issue
such as automating bug prioritization [11] or bug classification . As a result, the field of concurrently classifying and prioritizj
reports has seen relatively little activity . Consequently, a strong framework that can simultaneously automate defect prioritize®

Il . LITERATURE SURVEY O
<

NIAs outperforms the typical stand-

classification is required.

This study proposes by Kajal Tameswar at., al. (2023) suggested a hybrid models of K and nun¥®ous Nature-inspired
algorithms (NIAs) to identify the initial values and cluster center of KM. The combination of K
alone K-means in terms of prediction accuracy. On average, the researchers achieved an imprgyed racy of 7% with KM and coral
reefs algorithms when compared to typical k means. NASA datasets were used for t ts, zssessment criteria such as accuracy, F1

score,and computation time were used to compare performance.

The performance of various classifier algorithms, such as Naive B Su t Vect ines (SVM), K-Nearest Neighbors, Artificial
Neural Networks (ANN), and Decision Trees (DT), was corg comS@ative analysis conducted by Bansal, Malti et al. (2022).
Decision Tree and Random Forest were chosen as classifie s, and they were used on datasets from bug tracking systems that
is open-source like Mantis, Debian, Launchpad, , and Bugzilla. Buggested approach separated severity into critical, normal, and minor
categories and included four priority classes: urgent, high, normalg@gd low. With an accuracy of 0.75, or average, Random Forest
outperformed DT when the classifiers' performanc, ated using time consumption, Median-Absolute Error (MAE) and Mean-Squared

Error (MSE)

ABA-TF-IDF, a novel time-based by pon technique that utilizes the Time TF-IDF weighing mechanism, is presented in the
publication by R. Shakripur et al. a Version Control System (VCS) software repository, which keeps track of project
specifics and source code changes, e information. 4 machine learning algorithms— Vector Space Model (VSM), Naive Bayes,
Support Vector Ma Unigram Model (SUM)—were used to train the model and evaluate its performance in the
tests. Using V ug information with TF-IDF to improve bug localization is the main breakthrough. The study's

findings reveal n i ean Reciprocal Rank (MRR), indicating the efficacy of the suggested ABA-TF-IDF method.

v abers developed a brand-new method for classifying bugs called Bug Named-Entity Recognition (BNER). 3 key elements were
Wed in this novel approach: the (POS)- Parts of Speech of entities in the bug reports, description phrases, and a strong distribution.
BY@ed on these elements, a classification system was created to group bugs into a preset sixteen categories. A Semi-Supervised BNER
sys®m and the creation of a baseline corpus with complete information form the basis of this method, which was put forth by C. Zhou et

al. (2018). The feature extraction process was made easier by a method built into the bug repository. Data from Eclipse and Mozilla, two



online software bug repositories, were used to train and assess the suggested method. The results illustrated the efficacy of their methods,
emphasizing the importance of establishing a baseline corpus during the preliminary phases. The semi-supervised BNER system markedly
enhanced accuracy, with a considerable improvement of 70% to 80%. The study emphasized the potential efficacy of BNER in identifying
entities across several projects, indicating its relevance beyond singular repositories. This highlights the adaptability and functional efiacy

of the insect Named-Entity Recognition method in improving insect classification precision and efficiency.

and

Vere USE|

In their study, Goseva et al. (2018) classified non-security and security bugs in a dataset from the national aeronauti

administration (NASA) using both supervised and unsupervised methods. For both strategies, two feature vector technique

and labeled data in a supervised environment produced better outcomes than the unsupervised
learning in the classification of bugs into security and non-security within the NASA dataset.

I1l. METHODOLOGY PROPO ,
The proposed method addresses tracking data for a software project. The gor in project's issue description is provided in
standard text format and outlines the issue or problem that must asmis e dev . Such statistics make it extremely difficult to

extract pertinent information. It is extremely challenging to ag the necessary data from the description field. However,

one might begin with easy steps and at the very least extract ible from some of the well-known forms. NLP is a subfield of Al
that enables systems to understand processes and derive some ng from human natural language. First, the machine will be fed with

enough data so that it can learn from experience, then the machine eate the word vector, and finally, by performing simple algebraic

expressions on the obtained word vector, a machi provide answers as a human does. Lemmatization and stemming techniques are

used in the bug classification process to stand jc data found in bug reports. Then, using this standardized data, a vocabulary
designed especially for software defects i
generating a vocabulary and ranking e L techniques are used to categorize newly received software bug reports. By using the
enriched data, these algorithms 3
performance bugs. This classifica)

approaches to bug iofTor us of bugs. log-based Bug Prioritization. The framework is shown in Fig.3.1.



Bug
=)= =

Pre-processing of bug l

Fig 3.1: Proposed Framework for pre-processing bug reports ,

This option helps remove stop words unique to a corpus by defining the thres arding phrases whose document frequency is
greater than the specified number. Maximum features: It establishes the maxi

n-gram range: This includes single words, bi-grams, and tri-gral

with a length that matches the vocabulary is the output.

Now that the summary field has been tokenized and the mos vant keywords relevant to projects have been extracted, it is given as
input to a classification algorithm to classify the bug severity. Now Xg@the model can classify the bugs entered if we can determine the
relationship between employee skill set and bug- ng capacity from historical data, the trigger can efficiently assign the right person to

the right task. The model was trained using the e Jorithm, which provided better performance metrics than the other algorithms.

From a confusion matrix method, the perfi nce of ication algorithm is summarized. Because there are more than two classes in

the dataset and each class has an of observations, classification accuracy alone may be deceiving. After generating a
vocabulary and ranking keywords SEare Used to categorize newly received software reports on bugs. By using the enriched data,
these algorithms are able to
classification proces K tor later research stages, allowing for more focused analysis and approaches to bug fixation for
different kinds rioritization.

IV. RESULTS AND DISCUSION

first S e investigation, the extraction of relevant bug keywords from the bug description field using data preprocessing
hieved. natural language processing (NLP) and Text mining approaches were used to identify and separate key terms and
es that were indicative of bug traits and attributes. To get the dataset ready for additional model training and analysis, important
utes were taken from the bug descriptions. As the study moved into its second phase, the investigation's focus shifted to applying
machine learning techniques to assess the problems' severity. With the use of machine learning techniques, the study aimed to find recurrent

patterns in the historical problem resolution data that could direct the estimation of the defect severity based on the bug presented by the




program user. In the field of bug prediction, ensemble methods like XGBoost and CatBoost provide a number of advantages over
conventional machine learning algorithms. Initially, these algorithms are highly effective in managing intricate relationships and non-

linearities in the data, offering a more precise depiction of the complex patterns seen in software defect incidents.

Moreover, robust and resilient predictive model are created with ensemble methods where it combines multiple base models to ¢
F1 Score, Recall, Accuracy, Precision collectively measures a classification model's performance by measuring overall correctne
ability to avoid false positives, completeness in capturing true positives, and a balanced view of Precision and Recall, making them e
for evaluating predictions, especially in cases with imbalanced data. In Fig.4.2 the outcomes of pre-processing the summg

feeding it to the model as training data is shown. For classification, the Random Forest method was utilized.
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Fig 4.2: Linear projection with Ensggbl ms

The results of the ML model's classification of the different e j inor, critical, blocker, and trivial bugs are displayed in Fig.

4.3. From the above results, using Random Forest the tes t 76% and the trainingaccuracyis89%respectively.
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Fig 4.3: Model classifying the bugs into different categories



Fig 4.4 shows the decision tree model for different bug types. To enhances the accuracy of the model, the researchers can also experiment

with some more sophisticate deep-learning techniques.
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Fig4.4: 3

V. CONCLUSION@GAND FUTURE WORK
Bug reporting is critical to software maintenancgd deyalopment. They let s/w developers, QA teams, and customers to
detect and report relevant issues. Due to thgli ese Jports, manual extraction is time-consuming and inefficient.
Categorization and prioritization need the fan a d technique. This research aims to automatically categories and
es

priorities bug reports. Natural lang has greatly improved software development by collecting bug keys from

description fields. Deep learning t beused to improve accuracy in this research.
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