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Abstract
Software development always looks for automatedmethods to improve productivity and
accuracy in issue detection. The paper conducts a comparative examination of several
machine-learning techniques to tackle the bug localization difficulty. Our study com-
pared the performance of Logistic Regression (LR), Random Forest Classifier (RFC), Sup-
port Vector Machine (SVM), Gradient Boosting Classifier (GBC), and Adaptive Bug Local-
ization System (ABLS) on five dataset versions. The results demonstrate the superior per-
formance of ensemble learning methods. The ABLS model regularly beats other models
regarding F1 score, accuracy, and recall, indicating its strong potential for precise prob-
lem localization. The study highlights the necessity of continuously adapting models to
tackle idea drift in dynamic datasets. Our research suggests a path for future endeav-
ours involving improving feature engineering and integrating real-time online learning
to sustain high performance in bug localization activities.

*Correspondence author email address: saimasiraj@quest.edu.pk
DOI: 10.21015/vtse.v12i3.1832

1 Introduction
Locating bugs in software development is crucial
yet difficult, but it is necessary for preserving the
integrity and operation of software systems. As

systems become more complex, the need for better-
automated methods to identify the precise locations
of faults becomes crucial [1]. Conventional manual ap-
proaches are laborious and prone to human mistakes,
prompting the investigation of machine learning (ML)
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technologies as a viable replacement. Utilizing ma-
chine learning in bug localization involves analyzing
past data to identify patterns that suggest software
issues [2] [3]. These methods have evolved from basic
statistical techniques to advanced ensemble learning
models that can handle the complex and multifarious
characteristics of bug data.

Logistic Regression (LR) and Support Vector Ma-
chines (SVM) have demonstrated success in software
bug prediction, indicating the promise of machine
learning in this field [4]. However, due to the intricate
nature of software problems, they cannot be easily
classified linearly. This has led to the use of ensemble
approaches like the Random Forest Classifier (RFC)
and the Gradient Boosting Classifier (GBC) [5]. These
models use the characteristics of many learners to
improve forecast accuracy and model resilience [6].
The Adaptive Bug Localization System (ABLS) is a
sophisticated ensemble learning approach designed
specifically for bug localization. ABLS is designed
to successfully navigate software bug datasets by
iteratively changing and combining the prediction
capacities of individual learners [7]. We conducted a
thorough analysis of machine learning models such
as LR, SVM, RFC, GBC, and ABLS on simulated datasets
that mimic real-world software faults, building upon
previous research in the field. The objective is to
identify the most effective machine learning-based
method for precise and efficient bug localization, pro-
viding useful resources to developers and enhancing
software quality assurance methods.

2 Literature Review
Bug localization is crucial in software development to
maintain code quality and stability. Historically, devel-
opers have usedmanual inspectionmethods to detect
problems, which are time-consuming and prone to hu-
man error [1]. With the increasing complexity of soft-
ware systems, there is a greater need formore efficient
and precise bug localization solutions. The demand
for this has driven the transition from manual meth-
ods to automated systems, utilizing advancements in
computer power and algorithmic techniques [8]. Au-
tomated bug localization solutions promise to speed

the debugging process, save deployment time, and im-
prove software integrity, representing a notable shift
in software maintenance techniques [9].

2.1 Manual Bug Localization Techniques
Conventional bug localization methods mostly include
manual inspection and debugging, where developers
analyze lines of code to pinpoint flaws. The approach,
known as "print statement debugging," depends on de-
velopers’ intuition and expertise to speculate where er-
rors may be located. They then insert print statements
to verify these speculations [10]. Although these ap-
proaches have proven fundamental in software devel-
opment, they are burdened with restrictions. Manual
debugging requires a significant amount of effort, typ-
ically shifting resources from feature development to
maintenance [11].

Furthermore, manual bug localization is error-
prone due to its subjective nature and dependence on
the developer’s knowledge of the source, which might
result in overlooking complicated issues [12]. The
problems highlight the urgent requirement for more
effective and unbiased bug localization approaches in
the software development process.

2.2 Early Automated Bug Localization
Approaches

Automated bug localization approaches have brought
about a notable change in developers’ debugging
strategies. Initial automated methods mainly used
grep-based searches and basic statistical techniques
to speed up bug discovery. Developers used Grep-
based searches to scan codebases with regular
expressions, discovering possible errors faster than
human inspection [13]. Basic statistical techniques,
including analyzing execution traces or code met-
rics, were used to identify potential flaws with a
quantitative approach [14]. The earliest automated
procedures provided several benefits compared to tra-
ditional manual methods. They primarily decreased
the time and effort needed to find bugs by enabling
developers to search through extensive codebases
rapidly and recognize mistake patterns using statis-
tical analysis [15]. The efficiency improved both the
speed of debugging and the methodical approach to

231



VFAST Transactions on Software Engineering Volume 12, Issue 3, 2024

locating bugs. Nevertheless, these initial automated
methods had their constraints. Grep-based searches
were frequently overly wide, resulting in a significant
number of false positives that might inundate devel-
opers [16]. However, basic statistical techniques may
have difficulty with the intricacies of contemporary
software systems, making it challenging to differenti-
ate effectively between harmless code idiosyncrasies
and actual defects [17]. Although facing difficulties,
these innovative automated methods established the
foundation for future developments in bug localiza-
tion technology, paving the way for more advanced
machine learning-based strategies.

2.3 Machine Learning in Bug
Localization

Integrating machine learning (ML) with bug localiza-
tion is a revolutionary method for finding and fixing
software flaws. ML approaches utilize historical data
and predictive analytics to automate and improve
problem detection, thereby boosting software quality
and development efficiency [18]. This progression
represents a shift away from conventional manual
and basic automated techniques, transitioning to-
wards a data-driven approach capable of adjusting
to the intricacies of contemporary software systems.
Machine learning methods for bug localization may
be classified into three main categories: classification,
clustering, and anomaly detection.

Classification approaches train models using
labeled datasets to predict the classification of new oc-
currences, predicting the likelihood of a piece of code
containing a problem [19]. Clustering techniques join
similar data points together based on their attributes
to find patterns or anomalies in code without needing
labeled data [20]. Anomaly detection is the process of
discovering data points that differ considerably from
the rest of the data. Bug localization uncovers strange
code patterns that may indicate problems [21]. These
machine learning methods include benefits such as
managing extensive and intricate datasets, utilizing
prior bug cases for future predictions, and adjusting
to new bug kinds as software progresses. The data
quality can impact their efficacy, the algorithm’s suit-
ability for the job, and the characteristics utilized for

model training [22]. Althoughmachine learning shows
potential in bug localization, there are still obstacles
to overcome.

These tasks involve addressing imbalanced
datasets with a scarcity of bug instances compared
to non-bug instances, choosing pertinent features
that effectively represent bug characteristics, and
guaranteeing model interpretability to offer practical
insights to developers [23].

2.4 Individual Predictive Models
Utilizing specific prediction models like Logistic Re-
gression (LR) and Support Vector Machines (SVM)
represents important advancements in automating
bug localization. Logistic Regression is a statistical
technique commonly utilized for binary classification
tasks because of its straightforwardness and effective-
ness in generating probabilistic results [24]. Support
Vector Machines excel in processing high-dimensional
data and are adept at conducting non-linear classifica-
tion through the kernel trick, making them well-suited
for the intricate characteristics of software data [25].

Logistic Regression is highly appreciated for its
interpretability, providing insights into how different
variables affect the probability of defects [26]. Un-
derstanding this feature is crucial for bug localization
since it helps engineers comprehend the reasoning
behind the predictions, making tailored debugging
efforts easier. Yet, its effectiveness may be restricted
by its linear characteristic, which might not ade-
quately represent the intricate connections present in
software data.

Assistance Support Vector Machines are known
for their resilience and efficiency in differentiating
between faulty and non-faulty instances, especially in
datasets with complex boundaries [27]. SVM’s capabil-
ity to utilize kernel functions allows for the processing
of non-linearly separable data, which is frequently
encountered in software bug datasets. SVMs may be
computationally demanding, particularly with exten-
sive datasets, and their opaque nature can complicate
result interpretation, thus impeding practical insights.

Both models have shown usefulness in bug local-
ization but also have significant drawbacks. Linear
assumptions in linear Regression may not adequately
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account for the multidimensional nature of bug data,
while the complexity and opacity of support vector
machines might hinder practical debugging opera-
tions. These limitations highlight the need for more
sophisticated or hybrid methods that can utilize the
advantages of specific models while reducing their
shortcomings [28].

2.5 Ensemble Learning Methods
Ensemble learning techniques are now recognized as
a potent approach to machine learning, especially in
bug localization in software engineering. These strate-
gies are based on the concept that aggregating predic-
tions from numerous models can result in improved
accuracy and resilience compared to using individual
models alone [29]. Ensemble learning’s primary ben-
efit is its capacity to mitigate overfitting by averaging
biases and reducing variation, thus improving predict-
ing accuracy on new data.

Random Forest (RF) and Gradient Boosting (GB)
are often used as ensemble approaches for bug local-
ization tasks. The Random Forest technique combines
the forecasts of many decision tree models, each
trained on a random portion of the training data and
characteristics. The variation in trees within Random
Forest helps prevent overfitting, making it well-suited
for managing intricate and high-dimensional data
commonly seen in software repositories [30]. RF’s
capability to offer insights on feature significance
assists developers in identifying vulnerable spots in
the codebase.

Gradient Boosting constructs a sequence of weak
decision tree models in a way that each subsequent
tree is designed to rectify the mistakes of the previous
ones. This repeated refinement concentrates on the
most difficult cases, gradually enhancing the model’s
accuracy [31]. GB’s adaptability is quite successful in
bug localization, as bugsmight differ greatly across var-
ious software sections and evolve.

Utilizing ensemble approaches in bug localization
has demonstrated promising outcomes, surpassing
conventional models in precisely finding faulty code
regions [32]. Ensemble approaches such as RF and
GB utilize numerous learning algorithms to analyze
complex patterns of software problems effectively.

2.6 Adaptive and Advanced Machine
Learning Approaches

The field of bug localization in machine learning
has progressed greatly due to the implementation
of adaptive approaches and sophisticated method-
ologies, such as deep learning. AdaBoost, short for
Adaptive Boosting, demonstrates this progression
by amalgamating several weak classifiers to create a
robust classifier. The method adjusts the training data
distribution depending on past classifier performance,
assigning a higher weight to misclassified examples.
This iterative procedure improves the model’s ca-
pacity to address intricate bug localization tasks by
concentrating on the most difficult portions of the
data [33].

AdaBoost’s adaptability makes it very successful
when bug patterns and distributions change, provid-
ing a dynamic method for software quality assurance.
Recent progress in machine learning has involved
using deep learning methods for bug localization,
utilizing neural networks’ capacity to learn hierarchical
data representations. CNNs and RNNs have been
used to evaluate source code and textual bug reports,
capturing syntactic and semantic aspects in software
data [34]. Deep learning algorithms can identify com-
plex patterns in extensive datasets without human
feature engineering, minimizing preprocessing work
and enhancing localization accuracy.

Transfer Learning approaches include fine-tuning
models pre-trained on extensive datasets for specific
bug localization tasks, enabling them to utilize learned
patterns from many domains [35]. This method is
especially advantageous in situations with limited
labeled bug data, allowing models to utilize generic
learning for specialized bug localization tasks. The
use of adaptive and sophisticated machine learning
methods represents a significant change in bug lo-
calization, transitioning towards more self-sufficient,
precise, and effective systems. The advancements
seek to improve problem localization accuracy and
decrease debugging time, therefore expediting the
software development process.
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2.7 Gaps in Current Research
Although there have been breakthroughs in machine
learning (ML) applications for bug localization, there
are still significant research gaps. One significant
drawback is the strong dependence on large, well-
organized datasets for training the model. The lack
of datasets in software engineering might greatly
affect the effectiveness and applicability of supervised
learning models.

Most existing machine learning models are static
and do not adapt well to the dynamic nature of
software development environments. This can re-
sult in idea drift as code bases evolve, reducing the
models’ efficiency over time. Feature engineering is
a crucial task. Manually selecting features may not
completely reflect the intricacies included in software
issue reports and code modifications. Deep learning
has the potential for autonomous feature extraction
but faces challenges due to high computing require-
ments and the need for vast amounts of training
data. The necessity for immediate adjustability in
machine learning models for bug localization is be-
coming more evident. Current models usually need
to be retrained to include new data, which can be
resource-intensive and unsuitable for real-time use. It
is essential to create adaptable models that may be
updated incrementally with new information without
the need for complete retraining to ensure accuracy
and relevance in fast-evolving software projects. To fill
these gaps, it is necessary to investigate new machine
learning models that can utilize semi-supervised or
unsupervised learning to reduce the reliance on la-
beled data, implement cross-domain transfer learning
to enhance feature sets and incorporate continuous
learning methods to improve adaptability. These
developments will enhance bug localization activities
by increasing precision and efficiency, as well as
considerably contributing to the agility of software
development techniques.

3 Proposed System

3.1 Adaptive Bug Localization System
(ABLS)

The ABLS is designed as a comprehensive framework
that combines many advanced machine-learning tech-
niques to automate and improve the process of iden-
tifying software problems in a specific location. The
system analyses both text and code characteristics us-
ing a comprehensive learning method that focuses on
ongoing adjustment. The conceptual diagram depicts
the workflow of the Adaptive Bug Localization System
(ABLS) by detailing the major components and their re-
lationships. Here is a breakdown of each component
shown in Fig.1:

3.1.1 Data Collection & Preprocessing
This is the first stage when the system gathers essen-
tial data. The ABLS automatically obtains bug reports
and code modifications from issue tracking and ver-
sion control systems via APIs or web scraping. Prepro-
cessing Pipeline: The gathered data is processed by
cleaning, normalizing, and preparing the text data for
feature extraction.

Let D represent the dataset collected through
automated scraping and API integration, where
D={d_1,d_2,. . . ,d_n} and d_i Represents the individual
data points, including bug reports and source code
revisions. The preprocessing function P is applied to
D, yielding a processed dataset. D̂’, where each d_î’=
Pd_i.

Dataset Presentations
The datasets used in this study are artificial and or-

ganized to imitate genuine bug reports and code mod-
ifications that happen throughout a software develop-
ment process. Each dataset version signifies a stage
of data collecting, mimicking the progression of a soft-
ware project as time passes.

Each row in the dataset D_v Represents an instance
of a bug report, with columns corresponding to the at-
tributes defined in table 1.

3.1.2 Feature Extraction
During this phase, significant characteristics are
derived from the processed data. Textual Features
from Bug Reports (BERT): The ABLS utilizes a BERT-
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Figure 1. Proposed System

Table 1. Nomenclature of the ABLS Dataset

Symbol Description

BR_id Unique identifier for each bug report.
T Title of the bug report, providing a succinct summary of the issue.
D Detailed description of the bug.
C_id A unique identifier for the code commit associated with the bug report.
F Number of files affected by the commit.
S_C The complexity score representing the complexity of the bug report.
Cat Category of the bug report (e.g., UI, Functionality).

based model to extract detailed semantic information
from the text of bug reports. Characteristics of the
source code: The approach simultaneously pulls
elements from the source code, including grammar
and structure, essential for precise bug localization.

The feature extraction function F operates on
the preprocessed dataset. D̂’. For bug reports, a
transformer-based function FBERT extracts textual
features, while a source code analysis function FCode
extracts feature from code revisions:

VText = FBERT (D′
BR) (1)

VCode = FCode(D′
SC (2)

where VText and VCode represent the feature vectors for
textual and code data, respectively.

3.1.3 Model Training & Selection
After extracting the features, the ABLS moves on to
the process of training and selecting the model. The
system creates an ensemble learning model utilizing
gradient-boosting methods to combine predictions
frommanymodels and enhance accuracy. Model Eval-
uation and Selection involves assessing the models
after training and choosing the most efficient based
on their performance on validation data.

An ensemble of gradient-boosting classifiers
{G1,G2, . . . ,Gk} is trained on the feature vectors
V = VText ⊕ VCode (where ⊕ denotes concatenation).
The training process is defined as optimizing the loss
function L:

M = argmin
G

L(G(V ), Y ) (3)
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where M is the final selected model, and Y repre-
sents the labels indicating the correct localization of
bugs.

3.1.4 Bug Localization
This is the primary operational phase where the ABLS
identifies the bugs. The system employs a Learning to
Rank (LTR) technique to prioritize suspected issue sites
based on their likelihood, assisting engineers in deter-
mining which places to examine first. Localization Re-
sults Presentation: The ordered list is then shown to
the developers, indicating themost likely places where
errors are located in the source code.

For a newbug report with the preprocessed feature
vector v_new ,the model M predicts a probability distri-
bution over potential bug locations L:

P(L|Vnew) = M(vnew (4)

The ranking function R then orders the locations by
their probability:

Lranked = R(P(L|Vnew)) (5)

3.1.5 Adaptation & Feedback Loop
The last phase allows the ABLS to adjust and enhance
its performance gradually. The system utilizes devel-
oper feedback to adjust its models, ensuring that the
localization process is improved with each iteration
through an adaptation and feedback loop.

With feedback F collected from developers, the
adaptation function A updates themodelM to produce
an adapted model M′:

M′ = A(M, F)

The updated modelM′ is then used for subsequent
predictions, incorporating the new knowledge gained
from the feedback.

The diagramdisplays interconnectedblockswith ar-
rows to show the sequential and logical flow of proce-
dures from data input to actionable bug localization.
The dashed lines represent the flow of data or the uti-
lization of the output fromone component as the input
to another. This graphic clearly illustrates the sequen-
tial processes of the ABLS, beginning with data collec-

tion and processing, and leading to adaptable and im-
proved outcomes through continuous learning and de-
veloper input.

Algorithm 1. Adaptive Bug Localization System (ABLS)

1: Input:
2: R - set of bug reports
3: C - set of code change histories
4: F - developer feedback (optional for initial iteration)
5: Process:
6: Rraw ← CollectData(R)
7: Craw ← CollectData(C)
8: Rproc ← Preprocess(Rraw)
9: Cproc ← Preprocess(Craw)
10: Xr ← ExtractFeatures(Rproc)
11: Xc ← ExtractFeatures(Cproc)
12: M← TrainModel(Xr , Xc, Y )
13: M∗ ← SelectModel(M)
14: P← LocalizeBugs(M∗, Xnew)
15: M∗

adapt ← AdaptModel(M∗, F)
16: Output:
17: L - ranked list of predicted bug locations
18: M∗

adapt - updated model after adaptation

The pseudocode above clearly delineates the sev-
eral steps of the ABLS algorithm, specifying the input
data, procedures performed (including functions and
their descriptions), and expected outputs. The itera-
tive feedback loop involves revisiting a step with new
feedback to adjust and develop the model constantly.

4 Results
This section provides a comparative examination of
various machine-learning methods in bug localization.
We assess the performance of Logistic Regression
(LR), Random Forest Classifier (RFC), Support Vector
Machine (SVM), Gradient Boosting Classifier (GBC),
and Adaptive Boosting with Logistic Sparsity (ABLS)
using various metrics on five iterations of a simulated
dataset.

4.1 Bug Categories
Figure 2 illustrates the precision of bug localization
across five categories in five consecutive dataset
versions. The accuracy scores provide information on
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how well the bug localization model can identify the
proper file(s) linked to reported defects. The UI cat-
egory begins with high accuracy, showing great early
performance in localizing UI issues. The following
decrease indicates a reduction in model effectiveness,
which improves marginally in the last iteration. The
model exhibits an increasing trend in functionality
issues up to Version 3, achieving maximum accu-
racy, then declining. This graph indicates how well
the model has been able to adjust to problem re-
ports relating to functionality over time. Accuracy in
identifying performance issues showed a consistent
improvement from Version to Version 3, indicating
that the model’s capability to pinpoint performance
faults became more precise across these iterations.
Version 4’s significant decrease raises worries about
model stability, which seems to improve in Version 5.

The Security category shows notable variations,
with precision peaking at Version 2, decreasing at
Version 3, and then recovering. The model’s un-
even performance with security-related bug reports
suggests an opportunity to improve its robustness.
Integration bugs consistently exhibit worse accuracy
compared to other categories. The model’s constant
under performance suggests difficulty in handling in-
tegration problem reports, emphasizing the necessity
for specific enhancements in feature extraction or
modeling techniques for this category.

Figure 2. Bug Categories

The accuracy trajectories across dataset versions
demonstrate the model’s performance dynamics and
its adaptation to various sorts of faults presented in

Fig.2. The graph highlights the need for ongoing train-
ing and improvement of the bug localization model,
stressing that continual adjustment is crucial for main-
taining and improving accuracy in bug localization
jobs. These insights will direct future improvements
to the model to achieve consistently high accuracy for
all problem types and dataset versions.

4.2 Accuracy Across Five Versions
Dataset

The graph displays the fluctuation in the accuracy of
the Adaptive Bug Localization System (ABLS) through-
out five successive dataset releases. The figure shows
that the accuracy of ABLS reaches its pinnacle at Ver-
sion 2, with a maximum value of around 0.275, equiva-
lent to 27.5%. In Version 2, the ABLS demonstrated the
highest effectiveness in accurately identifying bug loca-
tions according to the provided data. After reaching its
highest point, Version 3 experiences a significant drop
in accuracy, plummeting to around 0.150 (15.0%). The
system’s accuracy steadily decreases until it stabilizes
by about 0.125 (12.5%) by Version 5.

Figure 3. Accuracy Across Five Versions Dataset

The data shown in the graph form Fig. 3 enables
a thorough investigation of the ABLS’s performance
trend. The system in Version 2 shows an optimal
adaptation to the data properties, as indicated by
the early rise leading to the peak. The decrease in
accuracy may suggest that the system struggled to
adapt to changes in the data or was limited in its ability
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to handle growing data complexity. The leveling-off
observed between Version 4 and Version 5 suggests
that the system needs more fine-tuning to improve its
flexibility and sustain better levels of accuracy as the
dataset changes. This pattern requires an examina-
tion of the variables behind the performance declines
and emphasizes the significance of ongoing model
modification to enhance bug localization accuracy.

4.3 Accuracy by Model Across Versions
The graph illustrates the varying accuracy of several
machine learning models in bug localization tasks.
Logistic Regression (LR), shown in blue, demonstrates
considerable accuracy with slight fluctuations, indi-
cating consistent performance. The Random Forest
Classifier (RFC), depicted in green, has a consistent
pattern with a modest upward trend in the latter iter-
ations, suggesting gradual learning. Support Vector
Machine (SVM) and Gradient Boosting Classifier (GBC)
exhibit great accuracy, particularly in mid-version
releases, indicating their ability to capture non-linear
patterns in the bug data. The Adaptive Bug Localiza-
tion System (ABLS) in yellow consistentlymaintains the
maximum accuracy throughout all versions, reaching
its apex in Version 3. This peak signifies the most
effective adjustment to the unique attributes of the
dataset at that point. The decrease in accuracy in
later iterations of all models, including ABLS, indicates
possible overfitting or concept drift, necessitating
more model tweaking and adaptation to sustain high
accuracy levels shown in Fig.4.

4.4 F1 Score
The comparison chart of F1 Scores shows that the
Adaptive Boosting with Logistic Sparsity (ABLS) model
consistently achieves the highest F1 Scores among
the five versions. This indicates that the model has
a balanced precision and recall, making it a strong
candidate for bug localization. The Gradient Boosting
Classifier (GBC) and Random Forest Classifier (RFC)
are equally effective, frequently showing similar
performance to ABLS presented in Fig.5. Ensemble
approaches such as Random Forest Classifier (RFC),
Gradient Boosting Classifier (GBC), and AdaBoost
with Least Squares (ABLS) tend to achieve superior

Figure 4. Accuracy by Model Across Versions

accuracy compared to Logistic Regression (LR) and
Support Vector Machine (SVM) for this specific job.

Figure 5. F1 Score

4.5 Precision Score
The ABLS model demonstrates good precision across
many versions, indicating its constant accuracy in
predicting bug locations shown in Fig.6. The Random
Forest Classifier (RFC) and Gradient Boosting Classifier
(GBC) exhibit great accuracy but considerably differ
across versions. Accurate problem localization is
essential for minimizing the expense of investigating
incorrect results. Logistic Regression (LR) and Support
Vector Machine (SVM) are less accurate compared
to other models, suggesting they may provide more
incorrect positive predictions.
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Figure 6. Precision

4.6 Recall Score
The graphic shows that the Random Forest Clas-
sifier (RFC) consistently achieves high recall rates,
surpassing other models in some iterations. High
recall indicates that the RFC can find a large portion
of the true problems, even if it may also detect more
false positives. The ABLS model has a high recall,
closely trailing the RFC shown in Fig.7. The Gradient
Boosting Classifier (GBC) demonstrates a favorable
equilibrium between accuracy and recall, as indicated
by its F1 Score. Logistic Regression (LR) and Support
Vector Machine (SVM) have lesser recall compared to
ensemble approaches, which may make them less
appropriate for capturing a high number of problems.

Figure 7. Recall Score

The results show that ensemble approaches, espe-

cially the ABLS, surpass individual predictive models
in terms of F1 score, accuracy, and recall. The results
highlight the effectiveness of ensemble approaches in
precisely identifying flaws and propose avenues for en-
hancingmodel accuracy and completeness, improving
bug localization in software development.

5 DISCUSSION
The comparative analysis highlights the effectiveness
of ensemble learning methods in bug localization. The
ABLS model showed superior performance in balanc-
ing accuracy and recall among the models studied, as
seen by its consistently high F1 ratings. This demon-
strates its strength and capability as a dependable tool
for developers to pinpoint bug sites properly.

The Random Forest Classifier (RFC) and Gradient
Boosting Classifier (GBC) demonstrated excellent per-
formance, showcasing the effectiveness of ensemble
models in managing intricate patterns in software
bug reports and codebases. The RFC excelled in recall,
indicating its usefulness in situations where collecting
most bugs is crucial, while the GBC exhibited a good
balance between accuracy and recall.

Logistic Regression (LR) and Support Vector Ma-
chine (SVM) performed less well than ensemble
approaches, especially in terms of precision and recall.
The linear design of the model may not adequately
capture the complex relationships within the data
compared to ensemble approaches, which utilize
numerous learning algorithms to improve prediction
accuracy.

The differences in model performances across sev-
eral versions of the dataset indicate that the models’
capacity to adapt to new data may be hindered by
changing data properties or idea drift. The decrease in
performance measures in subsequent versions for all
models, including ABLS, suggests potential overfitting
or the necessity for ongoing model tuning to adjust to
new data patterns.

These observations provide several opportunities
for future investigation. Enhancements in feature en-
gineering might involve utilizing advanced approaches
to capture better the intricacies of software issue
reports and code modifications. Integrating a strong
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online learning system into the ABLS model might
enhance its ability to adjust to new problems and
software environment changes in real time, reducing
the effects of idea drift.

These findings have important implications for soft-
ware development processes, highlighting the need to
use advanced machine learning algorithms for prob-
lem localization. By integrating these models, develop-
ers may minimize the time and resources required to
detect and resolve defects, hence optimizing the devel-
opment process and enhancing software quality.

6 CONCLUSION
The comparative analysis confirms that ensemble
models, particularly Adaptive Boosting with Logistic
Sparsity (ABLS), excel in bug localization by providing
a delicate balance between accuracy and recall. These
approaches are well-suited to handling the complex-
ities of software diagnostics, thereby simplifying the
debugging process. The variability in performance
across different dataset versions underscores the
necessity for models that can adapt to changing data.
The findings of this study advance current under-
standing of machine learning applications in software
development and establish a foundation for creat-
ing adaptive systems that enhance bug localization
effectiveness. Future research should focus on im-
plementing advanced feature engineering techniques
and real-time adaptability to address concept drift,
reinforcing the value of machine learning in software
maintenance and development.

7 Future Work
Future research could explore new ensemble tech-
niques such as Stacked Generalization (Stacking),
Weighted Majority Voting, and Dynamic Ensemble
Selection to further enhance localization accuracy and
resilience. Additionally, incorporating unsupervised
learning approaches like Autoencoders, Principal
Component Analysis (PCA), and Clustering Algorithms
for feature extraction could identify subtle patterns
in bug data, thereby improving the ability of models
to generalize and detect new types of software issues
effectively.
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