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ABSTRACT

Assigning the incoming bug reports to the best suited developers is a vital but

time consuming step within software engineering processes. With the growing size

of software systems, the number of received reports has grown to an extent when

manual handling becomes unrealistic. Unfortunate bug report assignments increase

the time of bug resolution, increase developer workload, cause frequent bug tossing

and reduce the quality of produced software. Therefore, automating the process via

machine learning and natural language processing techniques has become highly rel-

evant research directions. This dissertation provides two contributions on automated

bug triaging problem solved by means of two methodological approaches. First, this

paper provides the comparative analysis of six different classification models, i.e.,

Support Vector Machine, Decision Tree, Recurrent Neural Network, Convolutional

Neural Network, Long Short-Term Memory and Bidirectional Encoder Representations

from Transformer (BERT) on real-life bug reports from Mozilla Bugzilla. The analysis

includes accuracy, precision, recall, F1-score, training time, testing time and inference

latency measures. It was found that BERT provides the highest classification accuracy

of 89.20% and F1-score of 87.92%, whereas CNN and LSTM provide competitive

accuracy with much less computational cost. Secondly, this paper provides a new

approach to bug triaging that considers developers’ workload, namely, workload-aware

bug assignment framework on real-life data from Eclipse Bugzilla. The performance

of three triaging models is tested: a baseline based on Retrieval-Augmented Generator

architecture with Sentence-BERT encoding and majority voting, agentic triaging with a

developer workload penalty and Sentence-BERT encoding and finetuned BERT-based

sequence classifier. Though the best performing fine-tuned BERT model provides the

highest accuracy of 89.25%, agentic triaging framework provides the smallest variation

of developer workload 25,424.86, which is 31.8% less than the baseline one.
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CHAPTER 1

INTRODUCTION

1.1 Background and Motivation
The exponential growth of software systems in all sectors of the world economy has
inevitably led to an unparalleled number of software defects or bugs that are encountered
in software development projects of all kinds. Modern large-scale open-source or
enterprise-scale software systems typically receive bug reports in quantities that exceed
the capabilities of project management teams and lead engineers to triage and prioritize
each defect report manually. Specifically, each incoming bug report needs to be analyzed
in terms of the kind of issue it is, its priority and component it concerns and assigned to
a corresponding developer. Bug triaging as this process is commonly called is one of
the key activities in software maintenance and testing.

Bug triaging is a time-consuming activity. However, manual bug triaging is highly
error-prone and leads to a number of inefficiencies related to assigning the same bug to
different developers repeatedly. Such misassignment of bug reports requires re-routing
and is commonly referred to as bug tossing. The process is both time-consuming and
may have severe consequences because some bug reports may remain unprocessed.
The number of historical bug reports hosted in repositories like Bugzilla in relation to
popular software projects like Mozilla Firefox or the Eclipse IDE is tremendous and
precludes an effective solution using only a manual process.

The appearance of machine learning methods and deep learning methods[1][2] as
well as the transformer architecture has offered a promising way of solving the challenge
of automating the bug triaging process. Early attempts to solve this problem using
machine learning considered bug triaging as a task of text classification and applied
simple algorithms based on Naive Bayes classifiers and Support Vector Machines
(SVMs)[3] to vectors of word frequencies (bag-of-words). Despite being promising,
these methods had certain limitations as they did not address the challenges related
to understanding natural language and its semantics. Word embeddings and recurrent
neural networks significantly enhanced the efficiency of these solutions. Later on, the
transformer architecture further pushed up the limits of automatic bug triaging.

Alongside the developments in deep learning algorithms, the creation of large
language models and, specifically, retrieval-augmented generation (RAG) frameworks
have allowed researchers to explore a new approach that did not require the retraining
of models on an updated corpus of training data whenever it was modified or extended
in the course of software development. Agentic models could interact with an external
database of historical bug reports and retrieve semantically similar examples to form an
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opinion about the correct developer to assign this bug to. The introduction of workload
awareness into these systems made it possible to balance workload distribution among
developers.

In this work, we will combine the two lines of investigation into the field of auto-
mated bug triaging.

1.2 Problem Statement
The state of bug triaging today based on human practices is problematic from several
perspectives. First, due to the sheer number of bug reports, it is impossible to examine
all of them manually. Second, it is worth pointing out that the quality of bug assignment
greatly depends on the knowledge of the person who performs this task, namely the
developer’s specialization area and workload. Also, there is an aspect of bug triaging
automation that is ignored: many of the existing automated approaches prioritize
maximizing some aspects of the task completion at the cost of neglecting others. For
instance, while most systems focused on optimizing just one objective, such as reaching
optimal accuracy for assigning bugs in the sense of the top-1 prediction task, none of
them considers fairness and proper distribution of workloads among the developers.
Even in the best case, such a system will always tend to assign all of the bugs to top
performers, which will eventually lead to their burnout and development bottlenecks.

It is also worth noting that there are very few comparative studies that show the
difference between model performances in practice. Researchers often test various
models for machine learning against each other in the framework of a certain problem,
yet little information can be found regarding their performance relative to one another
in terms of accuracy, computation speed and training time. Nonetheless, it is crucial to
know what is better in practice.

In light of this, the present thesis makes two significant contributions. Firstly, the
study offers an empirical evaluation of the performance of six models in the context of
bug triaging on the Mozilla Bugzilla dataset. Secondly, it proposes a novel agentic RAG
model for bug triaging on the Eclipse Bugzilla dataset taking into account workload.

1.3 Aim of the Thesis
There are several aims of this thesis, which are outlined below. First, there is a need to
compare six ML/DL approaches (SVM, DT, RNN, CNN, LSTM and BERT) using real-
life datasets and analyze their performance in terms of accuracy, precision, recall, F1
score[4, 5], time needed for the model training and time for inference for the particular
bug triage application. Second, there is a need to design and test an agentic RAG
approach, which will take into account the problem of load balancing by explicitly
taking into account the difference in workload among developers while allocating bugs
to individual developers. Third, there is a need to test and evaluate the effectiveness
of three approaches to bug triaging, namely the traditional RAG approach, agentic
RAG approach and fine-tuned BERT classifier, using Eclipse bug triaging data set and
analyze the trade-off between accuracy and workload balancing. Fourth, it is necessary
to formulate the insights and practical implications of both experiments, formulating
the cases when each class of algorithms can be used effectively in practice. Fifth, it is
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necessary to give suggestions for further research needed to overcome the limitations of
this work.

1.4 Scope and Organization of the Thesis
This thesis consists of six chapters. Besides the introduction chapter, Chapter 2 gives an
overview of the existing literature, considering the issue of early text classification and
presenting relevant techniques for such classification, namely RAG and transformers
approaches. Chapter 3 presents the methodology of the first experiment, which includes
the comparison of six models using the data set from Mozilla Bugzilla. This chapter
describes the methodology, giving an insight into the process of collecting and preparing
the data set for analysis. Chapter 4 describes the methodology of the second experiment,
the workload-aware agentic RAG and considers the problem of selecting architectures
for the models, as well as the process of evaluating them. Chapter 5 discusses the results
of the two experiments conducted, analyzing them in the context of previous research
findings. Chapter 6 contains conclusions drawn from this work.
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CHAPTER 2

RELATED WORK

2.1 Overview
Bug triaging has been extensively investigated over the last few decades and has
evolved from rule-based text classifiers to transformer and agentic models. This chapter
describes a systematic review of key studies in the above areas of research in a thematic
(not chronological) format, typical for systematic literature reviews. This will therefore
allow for interpretation of the contributions in this thesis in relation to other research.
This includes investigations involving machine learning, deep learning, transformers
and agentic models and workload-aware bug triaging systems.

2.2 Classical Machine Learning Approaches to Bug
Triaging

An initial line of research to automate bug triaging was to consider it as a classification
problem for text. It was established by early work, such as that of Anvik et al. [3] that
practical results could be obtained by using historical training data. These researchers
showed that textual information extracted from bug summary text and descriptions
can be used to solve the task correctly for several open source software archives, in
conjunction with a Naive Bayes (NB) classifier. Since then, this simple idea – to teach
the system how to do what was shown in the past – has formed the basis of this field.

Researchers began examining more intricate feature classes and classifiers from this
point. Tian et al. [6] demonstrated that it was essential to have multiple factors, not only
the textual description of the bug, considered, such as priority, severity and component
of the bug. With their approach, they showed much better results than the baselines
based only on text features when working on both Eclipse and Mozilla datasets.

Xuan et al. [7] explored the issue from another angle by employing data reduction
techniques, which help deal with noise and redundant information existing within bug
databases. Xuan et al. managed to demonstrate that the improvement may be realized
through pre-processing (data selection, cleaning, etc.) without making changes to
the architecture used. Furthermore, Sirohi and Singh [1] did a comprehensive survey
of classical machine learning algorithms employed in bug triage. Sirohi and Singh
explained the pros and cons of each of the algorithms mentioned, namely Naive Bayes,
Decision Trees and SVM, for bug detection and discussed some of the limitations of
the above-mentioned methods, namely, the inability to capture long-term semantic
dependencies between text snippets, that makes the area a point of interest for further
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research.
One of the major topics in this research area was the significance of text representa-

tion. TF-IDF has been extensively used in classical methods and is a representation of
the texts as sets of weighted words, ignoring the syntactic and semantic components of
the texts. Although it is a good starting point, TF-IDF has limitations when it comes
to extracting the semantics of complicated bug descriptions. A comparative study
carried out by Sharma and Singh [8] showed that Word2Vec embeddings had better
performance compared to TF-IDF on several metrics used for software defect prediction
tasks.

2.3 Deep Learning Approaches
Bug triaging using deep learning got a lot of traction within the research community.
DeepTriage proposed by Tian et al. [4] was one of the early attempts at developing
a deep learning framework for bug triaging. It was able to overcome limitations of
existing models since they were unable to represent sematic information. Using the
power of deep neural networks, DeepTriage learned distributed representations of text
data in bug reports, proving that end-to-end learning from unstructured text could beat
traditional engineered features.

Jang and Yang [9] proposed a hybrid network with CNN and LSTM to integrate the
pattern recognition ability of CNN and the modelling of sequential dependency provided
by LSTM architectures. Together, the two models achieved 13% higher accuracy on the
Eclipse dataset compared to DeepTriage, highlighting the value of using both models in
conjunction with one another in the triage process. CNN in their model learned patterns
up to the n-gram level from the text of bugs while LSTM modeled the sequence of long
textual data.

Faghihi and colleagues [10] analyzed in-depth nine vectorization methods for textual
data, such as TF-IDF, Word2Vec, GloVe, fastText, BERT and Sentence-Transformers
applied to the CNN-LSTM model architecture. The results demonstrated that Sentence-
BERT embeddings always outperformed others on a wide variety of datasets, such as
Google Chromium, Mozilla Core and Firefox. As this study shows, even when the
architecture of the model is rigid, it is important to take into account the embeddings
method. For this purpose, a simple bond to design RAG triage systems is created with
Sentence-BERT embeddings as starting point.

Another important direction of the deep learning studies in this area are graphs.
Bhattacharya et al. [11] suggested using a graph representation of the relationship
between developers and bugs and employing graph theory methods for finding patterns
to help in determining an appropriate assignment of bugs to developers. To address
this challenge, Dong et al. [12] proposed a method that involved using a graph neural
network with neighbourhood contrastive learning on the Eclipse and Mozilla datasets.
A model for the relation between bugs and developers was discovered to be very helpful
in the task of bug triaging[13]. Tossing graphs are introduced to represent bug triaging
by Jeong et al. [13] in their paper about bug tossing.
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2.4 Transformer-Based Models and Large Language
Models

In 2019, the development and release of BERT [14] by Devlin et al. was a milestone in
NLP research and bug triaging in particular. The bidirectional characteristics of BERT,
along with the large-scale of English text that it was trained on, enables it to provide
representations that are completely different from any bag-of-words model and many
word embeddings methods. BERT was applied to several tasks of bug triaging and has
shown consistently exceptional performance in each of these tasks.

In particular, Caldeira and Pombo [15] conducted an empirical analysis of the usage
of BERT for the classification of bug report categories across several large software
projects and they found that BERT models, evaluated by accuracy, precision, recall
and F1 score, outperform classical or recurrent deep learning approaches. They found
that the context-aware encoding provided by the bidirectional attention is well suited
to the highly specialized nature of the vocabulary found in bug reports, for example,
the semantically meaningful terms null pointer exception, race condition and heap
overflow.

Chhabra and Chadha [16] investigated the potential of using LLMs for automated
bug triaging, showing how the approach based on LLMs was capable of matching the
accuracy of traditional methods while providing the advantage of natural language
justification of assignment decisions as well. Similarly, their research showed that
they were growing in popularity as models that could be used to solve a range of
software development related problems other than code generation. Torkamani et al.
[17] performed an extensive evaluation of LoRA fine-tuning applied to language models,
proving that instruction-tuned models were able to deliver performance close to the
performance of BERT, but still being sensitive to prompt formulation. Lastly, Wang et
al. [5] have performed the empirical study with 35 deep learning models with various
word embedding and classifiers in software bug assignment problem.

2.5 Retrieval-Augmented Generation and Agentic Frame-
works

The main challenge with parametric models such as BERT is that their knowledge is
fixed; they can only be updated by retraining the model. The Retrieval-Augmented
Generation paradigm aims to address this issue: its knowledge is not “static”, but can
be supplemented with new data, as needed. RAG-based architectures, on the other hand,
use a parametric model along with a non-parametric retrieval module, consisting of a
vector index of the historical instances used during inference time. Gupta et al. [18]
provided an informative overview of existing RAG systems and listed seven common
failure cases of RAG system construction, along with some useful tips for granularity
of the retrieval, indexing methods and the quality of the retrieved answers.

A Siamese-network-trained version of BERT, Sentence-BERT (SBERT) [19] was
developed, where they create a fixed-dimensional sentence embedding that is useful
for semantic purposes and can be efficiently compared to calculate semantic similarity.
For the RAG pipeline, SBERT can be the most widely used embedding model and
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incorporating SBERT as the core of the RAG pipeline in this research thesis follows
the established industry practices. ChromaDB is used as a vector database, enabling an
efficient retrieval system of bug report documents by similarity.

Barnett et al. noted that inconsistencies in granularity between query and retrieval,
hallucination in the generation step and dependence on the quality of the corpus to
be used for indexing were issues in their study of practical failures of operational
RAG systems [20]. They have informed the architecture they have selected for agentic
content generation, which they have used as a basis for the framework presented in
this thesis for agentic content generation, namely that of a majority voting among the
top-k nearest neighbours rather than producing content from a language model. In
their taxonomy of agentic AI toolchains, Sapkota et al. [21] described LangChain,
LangGraph and LangSmith as three different approaches for developing stateful multi-
step AI applications. The stateful workload management module of the agentic RAG
framework is an appropriate use of LangGraph because it is well suited for stateful
graph tasks.

2.6 Workload-Aware and Fairness-Oriented Triaging
The idea of fairness, in terms of workload distribution between developers, has been
little addressed in previous literature in automated bug triaging. Existing studies have
been restricted to optimizing the assignment accuracy problem only and not considered
if the proposed solution results in developers’ workloads being balanced or not. Yadav
et al. [22] were among the earliest ones to try to solve this problem by proposing a new
model for triage that incorporates the developer workload in its assignment optimization
problem formulation.

Samir et al. [23] discussed the use of explainable ML-based models in bug as-
signment and revealed the factors that have to be taken into account when creating a
model to solve this problem, such as developer availability and workload. The paper
showed that inclusion of the workload results in the more balanced distribution of
tasks in comparison with accuracy-oriented models and highlighted the importance of
explainability as one of the most important features of effective automation tools. Gupta
and Gupta [24] proposed a multi-criteria approach for bug assignment using fuzzy logic
and evolution who focused on multiple criteria that involve the developers’ attributes
like expertise, availability and workload together. Triaging in general was discussed by
Zhao et al. [25] and they said that although there are many single objective optimisation
techniques, the balance between accuracy and fairness remains an unanswered question.

2.7 Summary and Research Gaps
Some of the important areas of research and the issues identified from the literature
review are listed below. First of all, it is well known that transformer models outperform
classical and DL models in terms of classification accuracy but the experiments to
measure the performance of these models using multiple metrics (training time, testing
time, inference time) on the Mozilla Bugzilla dataset has been yet to be done. Secondly,
the topic of workload fairness in automated bug triaging has been scarcely explored
and workload-aware systems have not been evaluated in a modern RAG or agentic
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setting. Thirdly, the accuracy-fairness trade-off has not been investigated quantitatively
in a setting where a direct comparison of an accuracy-oriented and a fairness-oriented
system architectures is possible. The present work fills in those gaps.
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CHAPTER 3

METHODOLOGY

In this chapter, a detailed methodology for the research of this thesis is presented,
which describes the overall methodology used for all the research works performed
in this thesis. The reason being that while both studies attempt to address different
facets of automated bug triaging, one is concerned with comparative models and the
other proposes a new agentic model, therefore, the methodologies for both have been
separately discussed in this chapter.

3.1 Study I: Comparative Evaluation of Machine Learn-
ing and Deep Learning Models on Mozilla Bugzilla

3.1.1 Dataset Description
For the first analysis, the dataset used is that of the bug report collection derived from the
Mozilla Bugzilla database, which is one of the most popular and well-documented open
source[3, 7] software defect databases worldwide. Mozilla Bugzilla is a bug tracking
system that is used for a number of Mozilla projects, mostly the Firefox web browser.
It is open and accessible to all and is widely used in empirical software engineering
research because it contains a large number of meta-data and has a large number of
users.

A sample of approximately 10,000 bug reports was extracted from the repository,
each with the following information: textual summary of the defect; detailed description
of the defect; status of the bug report (open, closed, or resolved); priority level of the
bug report; date when the bug was reported; and identifier of developer to whom the
bug is assigned. The identifier of the developer constitutes the class label here and, thus,
it can be seen that the current study entails the problem of multi-class text classification,
where the number of classes is equal to the number of different developers appearing in
the data.

There were several reasons behind choosing the Mozilla Bugzilla dataset for this
study. First, the data comes from a real life working environment in which there are
actual bugs, actual abilities for developers and actual quality of bug reports. Secondly,
as mentioned before, this is the same dataset used in a few previous studies [9, 10, 17]
and therefore it is possible to compare the results of this study with those of previous
ones. Lastly, the selected dataset consists of an appropriate amount of observations for
drawing relevant conclusions while at the same time allowing for efficient computation.
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3.1.2 Data Preprocessing
The raw bug reports have been extracted from the Mozilla Bugzilla repository and
have undergone a series of preprocessing steps to be able to be used for modelling and
evaluations. There are the following pre-processing steps.

First, all the factors that contribute to noise in bug reports’ textual fields are elimi-
nated. These include punctuation and numerical literals and special characters which
have no meaning to the triaging operation. Removal of these elements helps in minimiz-
ing the vocabulary size and avoid over-fitting to the superfluous artifacts contained in the
text. Secondly, all text is lowercase, so that an occurrence of a particular word in either
case (lowercase or uppercase) is considered to be one occurrence of the same word in
the vocabulary. Thirdly, the stop words including high-frequency words such as “the”,
“is”, “and” and “of” which contribute little to the task of triaging are removed from the
text using the standard English stop words list from NLTK library and domain-specific
stop words that appear frequently in the text but serve no purpose in the classification
process. In this step the vocabulary is filtered to those words which are discriminating
for classification.

Noise is removed from the text and the words are refined into discriminative words,
after which they are converted to numerical representations that can be input to the
model architectures to be used for triaging. Specifically, in the case of classical ML
models; SVM and Decision Trees, the processed text is converted to TF-IDF features.
The weight of a term will be proportional to the number of times it appears[8] in the
document multiplied by the log of the number of documents divided by the frequency of
the term. So, the discriminatory terms, which appear in many places in the collection, are
assigned a lower importance than the terms that appear only in the discriminatory parts
of the collection. In case of DL models; CNN, LSTM and RNN, the preprocessed text
is tokenized and represented in terms of an integer vector of length equal to maximum
length of a report in the dataset. Sequences that are longer than the maximum length
are shortened and sequences that are shorter than the maximum length are padded
with zero tokens to the maximum length. BERT uses the WordPiece tokenization of
the bert-base-uncased checkpoint for tokenization. In tokenization, it is important
to segment the text into tokens, which may be words or subwords, along with some
attention masks, which indicate which of the tokens are real and which are padding.

Lastly, the developer identifiers (which correspond to the class labels) are label
encoded as integers representing the class indices. Entries with missing values and
duplicates are removed from the data set and the data set is split into 80% training and
20% test sets[4] in a stratified manner.

3.1.3 Model Architectures
In this work, six model architectures are considered, from the classical machine learning
classifiers up to transformer-based neural networks.

Support Vector Machine (SVM) is a linear kernel model with a regularisation
parameter C = 1.0. SVM is a discriminative classifier which looks for the hyperplane
separating the classes in the feature space that maximizes the margin between them.
The linear kernel is appropriate for the high dimensional sparse representations obtained
from TF-IDF and is suitable to the model. The linear kernel is selected both for
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efficiency and because it has been found to be competitive with the non-linear kernel
on high dimensional text classification problems where there are sufficient features to
make linear separation successful.

The Decision Tree model is based on Gini impurity criterion for splitting and the
maximum depth is set to 10. Decision trees recursively split the feature space to find
splits that maximise the Gini impurity reduction at each split, resulting in a hierarchical
rule-based model that is very interpretable. It is well known that unconstrained decision
trees suffer from over-fitting on high dimensional feature spaces, so the depth constraint
of 10 is added to avoid over-fitting the training data.

The Recurrent Neural Network (RNN) model uses a single recurrent layer with
hidden state size 128, a dropout rate of 0.5 and a maximum of 200 tokens in a sequence.
The RNN keeps a hidden state that gets updated at every time instant of the input
sequence, which makes it possible to propagate information along the sequence and
enables the RNN to learn sequential dependency in the bug report text. Regularisation is
applied during the dropout phase to the recurrent activations, so as to avoid over-fitting.

The Long Short-Term Memory (LSTM) model is similar to the RNN and uses
LSTM cells instead of simple recurrent cells, where LSTM cells incorporate input,
forget and output gates; the architecture of this model is identical to the RNN, with
the same number of cells, hidden dimension 128, dropout 0.5 and sequence length
200. These gates control the flow of information in the network and allow the LSTM
to remember or forget information over longer sequences of data, thus addressing the
vanishing gradient problem that further limits the memory capacity of vanilla RNNs.

The Convolutional Neural Network (CNN) for text classification uses multiple
parallel convolutional filters with widths of 3, 4 and 5 and generate 100 feature maps
for each filter, then max-pooling and concatenation to generate a fixed length feature
vector. Before the last classification layer a dropout rate is applied of 0.5. The parallel
convolutional filters represent n-gram detectors, which detect local patterns of 3, 4 and
5 tokens, respectively. The multi-scale feature extraction approach enables the CNN to
learn short-range lexical patterns, as well as slightly longer phrasal patterns which are
potential discriminative features for developer assignment.

The BERT model is derived from the pre-trained BERT-base-uncased model, which
consists of 12 transformer layers, 768-dimensional hidden layers, 12 attention heads
and around 110 million parameters. This model is further fine-tuned on the bug
triaging classification task via a linear classification head, which is placed on top of
the representation of the last transformer layer on the [CLS] token. The fine-tuning
is done with the AdamW optimiser, learning rate = 2×10−5, batch size = 16 and 3
training epochs. The maximum length of the sequence to be processed by the algorithm
is 128 tokens – most of the descriptions of bugs after preprocessing.

3.1.4 Parameter Settings
All hyperparameter settings for the six models are summarised in Table 3.1. The
configuration of these was selected to meet a compromise between the requirements
of model size and regularisation and were reported in previous literature as baseline
models [26, 4, 17].
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Table 3.1: Hyperparameter Configurations for All Six Models – Study I

Model Hyperparameter Configuration
SVM (Linear) Kernel: Linear; Regularisation parameter C = 1.0
Decision Tree Split criterion: Gini impurity; Maximum depth: 10
RNN Hidden state dimension: 128; Dropout rate: 0.5; Maximum

sequence length: 200 tokens; Number of layers: 1
LSTM Hidden state dimension: 128; Dropout rate: 0.5; Maximum

sequence length: 200 tokens; Number of layers: 1
CNN Filter sizes: {3, 4, 5}; Filters per size: 100; Dropout rate:

0.5; Pooling: Max-over-time
BERT Checkpoint: bert-base-uncased; Batch size: 16; Learn-

ing rate: 2×10−5; Training epochs: 3; Maximum sequence
length: 128 tokens

3.1.5 Evaluation Metrics
A variety of evaluation metrics is used to evaluate each model and collectively, they rep-
resent different factors of the quality of classification. There are four major classification
metrics as follows: accuracy, precision, recall and F1-Score [4, 5].

Accuracy is the percentage of correctly classified instances against the overall
number of all instances in the test set [7]:

Accuracy =
Number of Correct Predictions
Total Number of Predictions

(3.1)

Precision: ratio of true positive instances among all positive instances made by the
model [9].

Precision =
T P

T P+FP
(3.2)

where TP denotes true positives and FP are false positives. A model with high precision
means when the model assigns a bug to a certain developer, then he will be likely fixing
the issue.

Recall: percentage of correctly predicted positive instances over all real positive
instances in the test set [9].

Recall =
T P

T P+FN
(3.3)

where FN stands for false negatives. High recall signifies that the model detects as
much of bugs as it should with respect to the developer.

The F1-Score is the harmonic mean of precision and recall; it is a weighted metric
of both [9].

F1-Score =
2×Precision×Recall

Precision+Recall
(3.4)

Efficiency can be measured through three metrics: training time is the amount
of time needed to train the model on the training dataset. Testing time refers to the
amount of time in seconds needed to predict labels of all instances in the test set. Lastly,
inference latency corresponds to the average number of milliseconds for classification
of a bug report [5].
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3.2 Study II: Workload-Aware Agentic RAG Frame-
work on Eclipse Bugzilla

3.2.1 Dataset Description
In the second study, the Eclipse Bugzilla dataset, freely accessible at the Mendeley Data
website [27], consisting of bug reports taken from the Eclipse Integrated Development
Environment project, is used. The Eclipse dataset is one of the most common datasets
used in bug triaging literature and serves as a benchmark, providing a standardized
ground for comparison with previous studies. Each dataset entry includes the following
attributes: the unique identifier of the bug report, the date of creation of the ticket, the
status of the bug report (open, closed, resolved and others), the priority level attributed
to the bug report, its severity level, the Eclipse component the bug report relates to, the
developer assigned to the bug report and the description of the defect provided in text
form.

The data is imported in semicolon-separated form and only instances with status =
closed are selected in order to guarantee that each instance in the dataset is assigned to a
definite developer. Instances with missing description or assignee fields are dropped. In
order to handle the extreme class imbalance that exists within the open-source developer
communities, where a handful of very active developers are responsible for most of the
bug assignments, only the 15 most frequent developers are considered, thus forming a
multi-class classification problem. The train/test set split is performed using an 80/20
stratified sampling split with random state = 42.

3.2.2 Rich Text Feature Construction
For each bug report in the Eclipse dataset, a rich text representation is formed by
combining the fields of summary, component, priority and severity as follows:

Summary: <text> | Component: <comp> | Priority: <pri> | Severity:
<sev>

The rich text representation of multiple fields has been shown to be better than a
single field text representation in previous triage researches [10, 17]. This is due to the
fact that such a combination gives a richer representation to the model, which not only
consists of natural language representation of the bug but also includes meta information
about the bug. The inclusion of component, priority and severity is especially useful,
as all these fields have very good correlational information for developer assignment.
Different parts of the Eclipse project were handled by different developers and priorities
and severities of bugs are correlated with the experience level of the developer handling
the bug.

3.2.3 Model I: RAG Baseline with Semantic Voting
The first architecture used in Study II is the Retrieval-Augmented Generation baseline,
which relies on dense semantic similarity to find candidate developers for a particular
bug report. Each training example’s rich text is converted into dense vectors using the
Sentence-BERT model all-MiniLM-L6-v2 that generates 384-dimensional vectors
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representing the semantic meaning of the input text. The resulting embeddings are stored
in a vector database called ChromaDB, optimized for approximate nearest neighbor
search [18, 20]. In the inference phase, the rich text of the query bug report is embedded
and the five semantically closest examples are retrieved from the database.

The prediction of the developer allocation will be made through majority vote
among the five retrieved neighbours:

d̂ = argmax
d

5

∑
i=1

1[di = d ] (3.5)

where d̂ refers to the predicted developer, di refers to the developer allocated to the i-th
neighbour, while 1[·] represents an indicator function. The method does not involve any
learning process using gradients and can easily incorporate new data into the repository.

3.2.4 Model II: Agentic RAG with Workload-Aware Penalty
The second architecture presents the new idea implemented in Study II, namely, the
agentic RAG architecture, which is developed based on the basic architecture with the
addition of the workload model of developers in the process of bug assignment. The
reason for implementing such an idea is based on the assumption that the best accuracy
maximizing algorithm will tend to assign all bugs to the developers who appear most
frequently in the training set, who will be the most experienced developers.

Thus, the workload may become extremely imbalanced. In the agentic architecture,
ten neighbors of the query bug report are retrieved based on their semantic similarity
instead of five neighbors in the basic architecture. The initial similarity score for each
of the ten developers appearing in the ten neighbors is calculated in the following way:

sim(d) =
10

∑
i=1

di=d

1
1+δi

(3.6)

where δi refers to the L2 distance between the embedding of the i-th neighbor and the
embedding of the query. The formula above places greater importance on neighbors that
are closer in meaning to the query (lower δi) while taking into account the collective
contribution from several neighbors assigned to the same developer.

The similarity score calculated above is then weighted using a penalty term for the
amount of work the developer has been given in the current session:

score(d) =
sim(d)

1+λ ·workload(d)
(3.7)

where λ = 0.05 is the penalty weight for workload and workload(d) is the current
number of bugs assigned to developer d in the current evaluation session. The final
assignment procedure is thus:

d̂ = argmax
d

score(d) (3.8)

The workload state variable starts off at zero for each developer at the beginning of
the evaluation session and increases by one each time a bug is assigned to a developer,
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mimicking an online bug triaging process whereby assignments are made dynamically
in a rolling fashion. This stateful graph structure is realized in our implementation using
the LangGraph paradigm [21].

3.2.5 Model III: Fine-Tuned BERT Sequence Classifier
The third architecture considered in Study II is a fine-tuned BERT sequence classi-
fier, which acts as the parametric upper bound on single-assignment accuracy. This
architecture is built upon the bert-base-uncased checkpoint and fine-tuned on the
Eclipse training set for bug developer assignment [14, 27]. The bug reports’ rich text
representations are tokenized using the WordPiece tokenization technique, where the
maximal sequence length is 128 tokens and the vector representation of the [CLS] token
from the last transformer layer is used as an input for the linear classification head,
which provides a distribution of probabilities across the 15 developer classes [14].

The fine-tuning process uses the AdamW optimizer, where the learning rate equals
2× 10−5 and weight decay is equal to 0.01; the linear warm-up of the learning rate
is used during the first 10% of training steps, gradient clipping with a max norm of
1.0, a batch size of 32 and three training epochs on GPU hardware [15]. Two metrics,
namely the Top-1 accuracy, which denotes the proportion of test instances, for which
the highest probability is assigned to the correct developer and Top-5 accuracy, which
denotes the proportion of test instances, for which the correct developer belongs to the
top five prediction candidates, are calculated at inference time [5, 4].

3.2.6 Evaluation Protocol for Study II
The three architectures discussed in Study II are tested using the 20% held-out test
partition of the Eclipse data set. Top-1 accuracy, Top-5 accuracy and workload variance
are shown for each architecture. The definition of workload variance is the variance of
the distribution of bug assignment numbers among 15 developers at the conclusion of the
testing process, with a lower workload variance meaning that the workload distribution
is more evenly distributed. Workload variance represents the fairness criterion used in
the agentic approach.
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CHAPTER 4

RESULTS AND DISCUSSION

4.1 Overview
In this chapter, the results of both studies are presented and analyzed. Chapter 5.2
discusses the results of Study I which involved a comparative study of six different
models using the Mozilla Bugzilla dataset. This section contains an analysis of the
classification results based on all the metrics and an in-depth analysis of the efficiency
trade-offs of the models. Chapter 5.3 highlights the results of Study II which involved the
workload-aware agentic RAG framework on the Eclipse Bugzilla dataset. This section
contains an analysis of the accuracy results along with workload fairness analysis.

4.2 Study I: Comparative Performance of Six Models
on Mozilla Bugzilla

4.2.1 Classification Performance
The classification results of all six models on the Mozilla Bugzilla dataset are shown in
Table 4.1. The table contains accuracy, precision, recall and F1-score values for all six
models. The metrics have been calculated through macro averaging of all developer
categories.

Table 4.1: Classification Performance of Six Models on the Mozilla Bugzilla Dataset

Model Accuracy (%) Precision (%) Recall (%) F1-Score (%)
SVM 78.50 76.20 74.90 75.50
Decision Tree 74.10 72.88 73.00 72.92
RNN 83.25 81.55 80.90 81.20
CNN 85.42 83.95 84.10 84.02
LSTM 86.75 85.11 85.55 85.32
BERT 89.20 88.10 87.75 87.92

It can be seen that the three models have a performance ranking. BERT achieved
the best performance on all four classification metrics, with 89.20% accuracy, 88.10%
precision, 87.75% recall and 87.92% F1-score. These results are in line with the
dominance of transformer models in natural language processing tasks and validate
the results by Caldeira and Pombo [15] and Wang et al. [5] which show that the fine-
tuned BERT model performs better than traditional and deep learning methods for
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domain-specific text classification tasks. The bidirectional attention of BERT allows it
to understand the complete contextual information of the tokens within a bug report,
considering both left and right contexts at once. This feature is completely lacking
in unidirectional recurrent neural networks and can be achieved using multi-scale
convolution in CNNs.

In the deep learning models, the second-best accuracy and F1-scores belong to
LSTM, which reaches 86.75% and 85.32%, respectively, with only slightly lower values
achieved by CNN: 85.42% accuracy and 84.02% F1-score. The superior performance of
LSTM compared to CNN can be attributed to the reasonable assumption that long-term
sequential dependency information encoded in longer bug descriptions would be better
modeled by a recurrent model with memory units rather than by a CNN with limited
receptive fields [9, 10]. Nevertheless, the difference between the two approaches is quite
modest: 1.33 percentage points in terms of accuracy and 1.30 in F1-score. This means
that the multi-scale local information modeled by CNN is almost equally important as
sequential dependency information modeled by LSTM for the average length of Mozilla
bug reports [9].

The RNN model with the identical architecture as the LSTM model, except for
not having gated memory units, has an accuracy score of 83.25% and an F1-score of
81.20%, which shows a reduction of 3.5% in terms of accuracy compared to the LSTM
model. This difference clearly demonstrates one of the major drawbacks of traditional
RNN models; the inability to learn long-term dependencies due to vanishing gradient
issue leads the model to focus on the recent part of the input sequence only [4, 5].

Classical Machine Learning models perform poorly as compared to the other models
since they are incapable of using the semantics provided by pre-trained neural networks
[1]. Support Vector Machine (SVM) has an accuracy of 78.50% and an F1-Score of
75.50%, whereas the Decision Tree model has an accuracy of 74.10% and F1-Score of
72.92%. SVM has performed better than Decision Tree because it can discover optimal
linear hyperplanes in the high-dimensional TF-IDF vector space by maximizing the
margins [8, 7]. On the other hand, Decision Trees suffer from axis-aligned partitioning
of the vector space and overfitting problems [26].

4.2.2 Computational Efficiency Analysis
Table 4.2 presents the training time, testing time and inference latency for all six models.

Table 4.2: Computational Efficiency Metrics for All Six Models – Study I

Model Training Time (s) Testing Time (s) Latency (ms)
SVM 12.30 0.85 0.09
Decision Tree 4.20 0.12 0.01
RNN 145.60 3.20 0.32
CNN 98.40 2.10 0.21
LSTM 178.90 4.80 0.48
BERT 320.48 18.50 2620

From the efficiency data, one can see that there is a significant compromise between
classification quality and computation time. While BERT has very good results, it
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is rather expensive in terms of computing resources. In particular, the model needs
320.48 seconds for training, 18.50 seconds for testing on the whole test set, with 2,620
milliseconds per prediction on average. The latency of more than 2.6 seconds per
prediction is a rather significant limitation for practical application of the model for
triaging bugs, especially when there is a need to process dozens or hundreds of reports
simultaneously. This inference latency is determined by the quadratic complexity of the
transformer with respect to input sequence length and by the number of parameters that
need to be loaded into the memory and used to make a prediction.

LSTM and CNN demonstrate excellent classification results while requiring signifi-
cantly less computational power compared to BERT. LSTM needs 178.90 seconds for
training, which is just 56% of the training time required for BERT. The inference latency
of LSTM is just 0.48 milliseconds, which is more than three orders of magnitude lower
than BERT’s latency, making the model suitable for real-time triaging tasks. CNN is
even faster, needing 98.40 seconds for training and having 0.21 milliseconds inference
latency, with just slight loss of accuracy compared to LSTM. SVM and Decision Tree
are the most efficient classical models, with training times of 12.30 and 4.20 seconds
correspondingly and almost no inference latency.

It becomes obvious from the visualisation of the training time, testing time and
inference latency of the models presented in Figures 4.1, 4.2 and 4.3 respectively.

Figure 4.1: Comparison of Training Times Across Six Bug Triaging Models on the
Mozilla Bugzilla Dataset

4.2.3 Model-Wise Discussion
The BERT model shows particularly good results on examples with complex language
structure, where the meaning of tokens depends on the context around them. This is true
about many technical descriptions of bugs, as the meaning of such terms as “overflow”,
“null”, or “crash” depends on the code-related context. Therefore, the ability of the
BERT model to process bidirectional context dependencies makes it particularly good
for this task. Also, due to the pre-training, the model comes with an already developed
linguistic background and only requires a small number of epochs to fit the problem.

The strong performance of the LSTM model despite having no pre-trained knowl-
edge of language structure can be explained by the sequential nature of bug report
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Figure 4.2: Comparison of Testing Times Across Six Bug Triaging Models on the
Mozilla Bugzilla Dataset

Figure 4.3: Inference Latency (in milliseconds) of Six Bug Triaging Models on the
Mozilla Bugzilla Dataset

descriptions. The bug report describes what behaviour is observed, what behaviour was
expected, how to reproduce the issue and perhaps even its potential diagnosis. LSTM is
specifically designed for tasks of this type due to its ability to maintain the memory of
past events and predict future ones. The good results of the CNN model mean that the
discriminative information contained in the bug report is localized in specific n-grams
– some technical terms, names of components, APIs, or fragments of error messages.
Local convolutional filters can capture this information successfully without modelling
long-range dependencies.

The relatively low performance of SVM and Decision Tree models on this dataset
can be attributed to the limitations of the TF-IDF vectorization. Words are considered
independent dimensions in this case, so two bug reports describing similar defects, e.g.,
“null pointer dereference” and “null reference exception”, will be treated as completely
unrelated in TF-IDF space. The lower performance of the decision tree model in
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comparison with SVM is caused by the fact that axis-aligned splits cannot be optimal in
such sparse spaces because no set of features can reliably separate developers.

4.3 Study II: Workload-Aware Agentic RAG Frame-
work on Eclipse Bugzilla

4.3.1 Overall Performance Comparison
The performance of the three triaging architectures in terms of Top-1 accuracy, Top-5
accuracy and developer workload variance on the Eclipse Bugzilla dataset is shown in
Table 4.3.

Table 4.3: Comparative Performance of Three Bug Triaging Architectures on the Eclipse
Bugzilla Dataset

Model Top-1 Accuracy Top-5 Accuracy Workload Variance
Baseline (RAG + Ma-
jority Voting)

0.7908 0.9989 37,288.33

Agentic RAG (Work-
load Penalty)

0.7908 0.9703 25,424.86

Fine-Tuned BERT
Classifier

0.8925 0.9989 32,474.86

The results shown in Table 4.3 provide a number of key insights. Specifically, the
fine-tuned BERT classifier demonstrates the best Top-1 accuracy of 89.25%, which is
10.17 percentage points better compared to the Top-1 accuracy of 79.08% achieved
by both RAG-based models. These results are in line with the results of Study I and
illustrate the general superiority of parametric models fine-tuned for a specific task to
their non-parametric retrieval counterparts.

A completely different picture emerges from the comparison of the Top-5 accuracies
of the three triaging architectures. The Top-5 accuracy of both the RAG baseline and
the fine-tuned BERT is 99.89%, implying that the correct developer is among the 5 most
likely candidates in almost all test cases. This finding is of particular importance for
organisations using the human-in-the-loop approach to bug triaging, in which a ranked
list of candidate developers is provided to a more experienced team member for further
decision-making: in this case, the RAG baseline essentially provides the same utility as
the much more computationally demanding BERT classifier, but requires considerably
less computation and does not necessitate any training or re-training of the model when
the pool of developers changes.

The Top-5 accuracy of 97.03% demonstrated by the agentic RAG model is slightly
worse compared to that of the other two models. This is caused by the very nature of
the workload penalty introduced by the agentic model, as it causes some assignments to
be redirected from the closest historical developers to those with a smaller workload,
thus sometimes placing the closest correct developer outside of the top 5.
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4.3.2 Workload Fairness Analysis
In particular, the results related to the workload fairness are the main contributions
of Study II. In the agentic RAG model, the workload variance is 25,424.86, which
is 31.8% lower than the variance in the baseline model (37,288.33) and 21.7% lower
than the variance in BERT (32,474.86). This impressive result is obtained solely due
to the workload penalty from Equation 3.7, without making any modifications to the
architecture of the underlying retrieval mechanism.

It is worth explaining the mechanism that led to such improvements in the results.
Without any workload penalty, the baseline RAG and the BERT classifiers show a
natural tendency to concentrate the assignments on developers who are mentioned often
enough in the training set. This effect is quite reasonable in terms of statistics: the
developers who are frequently mentioned in the dataset have fixed the largest number of
bugs and thus serve as nearest neighbors of a significant fraction of queries. However, in
practice, this tendency leads to the situation where only several developers are assigned
new tasks, whereas others are practically ignored despite their competence.

The workload penalty corrects this bias by applying a decreasing discount factor
1

1+λ ·workload(d) , which becomes smaller as the number of assignments workload(d)
grows. Thus, even if under-loaded developers are not the most similar to the query,
the penalty will make the model prefer them. As for the value of λ = 0.05, it is a
compromise between the workload distribution and classification accuracy. If it is
too low, there will be no effect on the workload distribution, but too large values will
significantly reduce the performance of the classifier. These results agree well with the
findings of Yadav et al. [22] and Gupta et al. [24].

4.3.3 Practical Implications for Deployment
These results have immediate practical relevance for software engineering teams inter-
ested in implementing automated bug triaging systems. There are three main scenarios
in which a particular model would be more appropriate than others. In the case of fully
automated triaging systems, in which the top-1 output of the model is selected without
human intervention, the fine-tuned BERT classifier emerges as the optimal choice due
to its superior performance by 10+ percentage points compared to RAG-based mod-
els. This scenario is suitable for large software engineering teams with existing bug
taxonomies and consistent reporting practices, where the risk of misclassification is
relatively low and the number of reports is high.

In human-in-the-loop triaging systems, in which a ranked list of candidates is
provided to the triaging agent to make the final decision, the RAG baseline offers com-
parable performance (99.89% vs 99.89% Top-5 accuracy) while being computationally
less expensive and free of retraining whenever the set of developers changes. This
is especially useful in the case of smaller projects or teams with limited computing
resources. Finally, in situations where fair workload distribution among developers
is essential for various reasons, including team harmony, contractual obligations, or
even legal concerns, the agentic version of the RAG model should be used, providing
significant advantages in terms of reducing workload variance at the cost of a small
decrease in Top-5 accuracy (99.89% vs 97.03%).
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4.4 Cross-Study Synthesis and Discussion
In combination, the findings of the two studies provide a clear and coherent view of the
performance space in automated bug triaging. In particular, BERT stands out in both
studies in terms of the highest accuracy, confirming the dominance of the transformer
paradigm in NLP-based software engineering problems. The key reason for BERT’s
accuracy is provided by its pre-trained contextual embeddings, which encode semantic
relations not available to the TF-IDF-based approach and hard-to-capture by recurrent
and convolutional models on the relatively small training set.

At the same time, the two studies provide an insight into the complementary trade-
offs in the choice of a triaging model. According to Study I, there is a trade-off between
accuracy and efficiency: while BERT demonstrates superior accuracy compared to
CNN and LSTM, it does so at the expense of inference latency that is three orders of
magnitude larger, thus making BERT unsuitable for deployment in a high-throughput
setting. Study II shows another trade-off – between accuracy and fairness: while the
agentic RAG model distributes workloads in a much fairer way than BERT, it sacrifices
some accuracy in doing so. Neither of these trade-offs can be addressed through the
minimisation of a single scalar function.

The result showing that RAG models can reach almost perfect Top-5 performance
even when having Top-1 performance inferior to BERT is especially interesting. This
implies that the set of potential assignments for any particular bug report is relatively
small and defined by the semantic similarity of the historical dataset. Thus, the difficulty
comes from choosing between several plausible candidates. Such a finding may lead
us to conclude that hybrid approaches which use the advantages of RAG regarding the
retrieval and BERT’s ability to rank or rerank retrieved candidates should be considered
to reach perfect Top-1 performance while being aware of workload.
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CHAPTER 5

CONCLUSION AND FUTURE SCOPE

5.1 Conclusion
In summary, this thesis has conducted an extensive empirical analysis of automated
bug triaging systems, considering the problem from two different angles. First, an
empirical comparison was carried out between six machine learning and deep learning
models, including SVM, Decision Tree, RNN, CNN, LSTM and BERT, to classify
bug reports from the real-world Mozilla Bugzilla dataset. Second, a workload-aware
agentic RAG system was proposed and compared against the standard RAG approach
and fine-tuned BERT model on the Eclipse Bugzilla dataset in terms of accuracy and
workload fairness.

The major results obtained during the first experiment reveal the dominance of
transformer-based BERT model regarding classification accuracy with the scores of
89.20% and 87.92%. However, the accuracy of the BERT model is achieved at the
expense of long training times of over 320 seconds and prediction latencies greater than
2,600 milliseconds per each prediction. Thus, this model can hardly be used in practice
in real-time applications. On the contrary, LSTM and CNN models appear to be the
most promising in resource-constrained environments because they provide relatively
high accuracy of 86.75% and 85.42% correspondingly while having prediction latencies
below 1 millisecond. Classical models SVM and Decision Tree have the highest
execution speed but the lowest accuracy.

Firstly, the main results of the second study show that the optimized BERT classifier
obtains the highest Top-1 accuracy of 89.25% on the Eclipse dataset, further verify-
ing the generalizability of the transformer superiority in the context of different bug
repositories. Secondly, while the RAG baseline and the agentic RAG model obtain
the same Top-1 accuracy of 79.08%, the latter is able to produce significantly lower
workload variance of 25,424.86 – which corresponds to a 31.8% improvement compared
to the baseline – and hence shows that the proposed soft workload penalty approach is
effective at redistributing tasks without having to make changes to the retrieval system
itself. Thirdly, the near-perfect Top-5 accuracy of 99.89% achieved by both the baseline
and BERT highlights the practicality of list-based retrieval in human-in-the-loop triage.

In sum, the main contribution of the thesis is not just the set of empirical results
obtained, but rather a conceptual framework for thinking about the multiple aspects
that come into play in choosing or designing a triaging system – namely, the trade-offs
between accuracy, efficiency and fairness. Specifically, the thesis shows that no one-
size-fits-all solution exists and that the optimal model selection should be based on the
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specifics of the particular setting.

5.2 Future Work
The results obtained in this thesis suggest a number of potential avenues for future work
that can significantly push forward the state of the art in automated bug triaging.

Perhaps the most obvious direction is the development of hybrid systems that
leverage both the fast retrieval capability of RAG and the classification capabilities of
fine-tuned BERT models. Currently, the two approaches have been evaluated separately
and it would make sense to build a hybrid system that first retrieves some candidate
developers using RAG and subsequently ranks them using BERT model. Such a two-
stage approach would allow achieving the Top-1 accuracy of BERT while maintaining
the capability to incrementally update the model and adapt it to workload characteristics
of different organizations. Another interesting idea is to incorporate the workload
penalty factor directly into the BERT ranking algorithm.

A second area that needs further research involves the dynamic calibration of the
workload penalty weight λ . At present, λ = 0.05 is a fixed hyperparameter, which has
been selected based on empirical results. The ideal value of λ depends on the current
state of the development team, including the number of developers and the current
workload distribution and varies over time. Thus, reinforcement learning provides a
promising avenue for developing a more dynamic approach to scheduling of the penalty
weights: an RL agent can learn to dynamically adjust the penalty weight based on the
workload imbalance, maximising its rewards based on the tradeoff between assignment
accuracy and workload fairness.

The third direction for future research involves evaluating the proposed architectures
on other bug repositories besides Mozilla Bugzilla and Eclipse Bugzilla. Although these
two repositories serve as standard benchmarks for assessing the performance of bug
assignment algorithms, they still represent just two particular cases within a wider space
of possible software development settings. Evaluation of the proposed architectures
on bug repositories like Apache JIRA, Linux kernel Bugzilla and GitHub Issues from
open-source projects would help evaluate their generalisability and give insight into the
influence of repository-specific parameters on the prediction performance.

Fourthly, it would be interesting to explore whether the use of multi-label classifica-
tion could enhance the triaging system. In reality, there are situations when a particular
bug report is related not only to one but several developers, as it might cover several
codebase elements or require coordinated efforts of specialists working in different
areas. In contrast to existing triaging tools, our solution does not assume that there is
only one correct developer assignment, as we have used a binary classification problem.
The ability to classify multiple labels at once and to assign a bug to several developers
would make the model more efficient and closer to reality.

Fifthly, another promising direction for research involves using Explainable AI
(XAI) approaches. Transformer architectures such as BERT and others are often
criticised for their opacity; even though they generate very accurate predictions, the
way they come up with them is impossible to comprehend. For an automated bug
triaging tool to become popular and widely used, developers and project managers
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should understand why the assignment of a particular bug to a certain specialist was
made by the algorithm. Attention visualisation, LIME, SHAP and other XAI techniques
could be used to provide developers with a clear explanation of each decision made by
the model.

Last but not least, longitudinal empirical studies involving the long-term evaluation
of the systems suggested in the thesis would be the ultimate test of their validity.
Specifically, the effectiveness of the tool could be assessed based on such metrics as
bug resolution time, bug reactivation rate, developer satisfaction and productivity. To
conduct a study of such kind, close cooperation with real-life software development
teams would be necessary.



26

REFERENCES

[1] R. Sirohi and P. Singh, “Automatic bug triaging analysis using machine learning
techniques: A review,” in Proc. Int. Conf. on Issues and Challenges in Intelligent
Computing Techniques (ICICT), 2022, pp. 1–8.

[2] N. K. Nagwani and J. S. Suri, “An artificial intelligence framework on software bug
triaging, technological evolution and future challenges: A review,” International
Journal of Information Management Data Insights, vol. 3, no. 1, p. 100153, 2023.

[3] J. Anvik, L. Hiew, and G. C. Murphy, “Who should fix this bug?” in Proc. Int.
Conf. on Software Engineering (ICSE), 2006, pp. 361–370.

[4] Y. Tian, X. Xia, and D. Lo, “DeepTriage: Exploring the effectiveness of deep
learning for bug triaging,” IEEE Transactions on Reliability, vol. 71, no. 2, pp.
791–805, 2022.

[5] R. Wang et al., “An empirical assessment of different word embedding and deep
learning models for bug assignment,” Journal of Systems and Software, vol. 210,
p. 111961, 2024.

[6] Y. Tian, D. Lo, X. Xia, and C. Sun, “Automated prediction of bug report priority
using multi-factor analysis,” Empirical Software Engineering, vol. 20, no. 5, pp.
1354–1383, 2015.

[7] J. Xuan et al., “Towards effective bug triage with software data reduction tech-
niques,” IEEE Transactions on Knowledge and Data Engineering, vol. 27, no. 1,
pp. 264–280, 2015.

[8] G. Sharma and P. Singh, “Comparative study: Word2Vec versus TF-IDF in soft-
ware defect predictions,” in Data Science and Network Engineering, ser. Lecture
Notes in Networks and Systems, vol. 1165. Springer, 2025.

[9] J. Jang and G. Yang, “A bug triage technique using developer-based feature
selection and CNN-LSTM algorithm,” Applied Sciences, vol. 12, no. 18, p. 9358,
2022.

[10] A. Faghihi, S. M. Fakhrahmad, and M. H. Sadreddini, “A deep learning approach
to automated bug triaging: Investigating the impact of text vectorization methods
on effectiveness of CNN-LSTM,” 2024.

[11] P. Bhattacharya et al., “Graph-based analysis and prediction for software evolution,”
pp. 419–429, 2012.



27

[12] H. Dong, H. Ren, J. Shi, Y. Xie, and X. Hu, “Neighborhood contrastive learning-
based graph neural network for bug triaging,” Science of Computer Programming,
vol. 235, p. 103093, 2024.

[13] M. Jeong, J. Yoon, and S. Kim, “Bug triaging with tossing graphs,” in Proc. 22nd
ACM SIGSOFT Int. Symp. on Foundations of Software Engineering (FSE), 2014,
pp. 82–92.

[14] J. Devlin, M.-W. Chang, K. Lee, and K. Toutanova, “BERT: Pre-training of
deep bidirectional transformers for language understanding,” arXiv preprint
arXiv:1810.04805, 2019.

[15] B. Caldeira and N. Pombo, “Automated bug report classification using BERT:
A transformer-based approach for efficient bug triage in large-scale software
projects,” in Proc. IEEE Int. Conf. on Software Quality, Reliability and Security
(QRS), 2025, pp. 508–516.

[16] D. Chhabra and R. Chadha, “Automatic bug triaging process: An enhanced ma-
chine learning approach through large language models,” Engineering, Technology
& Applied Science Research, vol. 14, no. 6, pp. 18 557–18 562, 2024.

[17] K. Kiashemshaki et al., “Automated bug triaging using instruction-tuned large
language models,” arXiv preprint arXiv:2508.21156, 2025.

[18] S. Gupta, R. Ranjan, and S. N. Singh, “A comprehensive survey of retrieval-
augmented generation (RAG): Evolution, current landscape and future directions,”
arXiv preprint arXiv:2410.12837, 2024.

[19] N. Reimers and I. Gurevych, “Sentence-BERT: Sentence embeddings using
Siamese BERT-networks,” arXiv preprint arXiv:1908.10084, 2019.

[20] S. Barnett et al., “Seven failure points when engineering a retrieval augmented
generation system,” in Proc. IEEE/ACM Int. Conf. on AI Engineering (CAIN),
2024, pp. 194–199.

[21] R. Sapkota et al., “LangChain vs. LangGraph vs. LangSmith: Taxonomies of
agentic AI toolchains for end-to-end orchestration,” TechRxiv, 2025.

[22] A. Yadav et al., “Developer load balancing bug triage: Developed load balance,”
Expert Systems, vol. 41, no. 6, p. e13006, 2022.

[23] M. Samir, N. Sherief, and W. Abdelmoez, “Improving bug assignment and devel-
oper allocation in software engineering through interpretable machine learning
models,” Computers, vol. 12, no. 7, p. 128, 2023.

[24] C. Gupta and V. Gupta, “Enhancing bug allocation in software development: A
multi-criteria approach using fuzzy logic and evolutionary algorithms,” PeerJ
Computer Science, vol. 10, p. e2111, 2024.



28

[25] Y. Zhao et al., “Triage in software engineering: A systematic review of research
and practice,” arXiv preprint arXiv:2511.08607, 2025.

[26] N. Kumari et al., “Automating bug triage: Unleashing the power of machine
learning and natural language processing,” Research Square, preprint, 2024.
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