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Abstract: Software fault prediction (SFP) involves the identification of potentially fault-prone modules before the testing
phase in the software development lifecycle. By predicting faults early in the development process, the SFP process
enables software developers to focus their efforts on components that may contain faults, thereby enhancing the overall
quality and reliability of the software. Machine learning and deep learning techniques have been widely applied to train
SFP models. However, these approaches face several challenges, including irrelevant or redundant features, imbalanced
datasets, overfitting, and complex model structures. The NASA dataset from the PROMISE repository is the most commonly
used dataset for fault prediction. Recently, the BugHunter dataset with its substantially larger number of instances was
explored to train the SFP models. In this study, we present the comparative study of three deep learning models, including
Convolutional Neural Network (CNN), Recurrent Neural Network (RNN), Long Short-Term Memory (LSTM) and four
machine learning models as K-Nearest Neighbors (KNN), Multilayer Perceptron (MLP), Adaptive Boosting (AdaBoost),
Extreme Gradient Boosting (XGB) to investigate the performance of SFP models on the BugHunter dataset. We employ
the Lasso method for feature selection and apply the Synthetic Minority Oversampling Technique (SMOTE) to address
the issue of imbalanced data, aiming to enhance the accuracy of the results. The experimental findings reveal that CNN
and RNN outperformed other machine learning models, achieving the best overall performance.

Keywords: software fault prediction, machine learning, BugHunter dataset.

Tiéu dé: Péanh gia cic md hinh hoc siu cho bai toan du doin 15i phan mém trén bd dir liéu BugHunter

Tém tit: Duy dodn 16i phén mém (SFP) qua trinh xdc dinh cic mo6-dun co kha ning chifa 16i truéc giai doan kiém thi trong
vong doi phat trlen phin mém. Viéc dy dodn 15i sdm trong qud trinh phat trién cho phép céc nha phét trién phan
mém tdp trung ngudn lyc vao cic thanh phan tidém 4n 16i, tir d6 nang cao chit lugng va do tin cdy tong thé clia phin
mém. Cic k§ thuat hoc mdy va hoc sau da duge ap dung rong rai dé€ huén luyen cac mo hinh SFP. Tuy nhién, nhiing
phuong phap nay van d6i mit v6i nhiéu thich thiic, bao gém su ton ta1 cua cac dac trung khong lién quan hodc du
thita, sy mit can bing dit lidu, hién tugng “qud khdp (overfitting), va cAu tric md hinh phue tap. Trong s0 céc bo dit
liéu dudc st dung cho nhiém vu du doan 15i, bo dit lisu NASA tir kho PROMISE 1a bo phd bién nhit. Gan day, bo dif
liéu BugHunter véi sb lugng miu 16n hon dang ké da dugc khai thic nhim huén luyén cic md hinh SFP. Nghién cifu
nay trinh bay mdt phén tich so sanh giita ba mo6 hinh hoc sdu gdm Mang No-ron Tich chiap (CNN), Mang No-ron Hoi
tiép (RNN), va BO nhé dai-ngin han (LSTM), cling véi bdn mé hinh hoc mdy bao gdm K-Nearest Neighbors (KNN),
Multilayer Perceptron (MLP), Adaptive Boosting (AdaBoost), va Extreme Gradient Boosting (XGB) nhiam dénh gia
hiéu ndng cta cac mod hinh SFP trén bd dit liéu BugHunter. Phuong phdp Lasso dugc st dung dé lya chon déc trung,
trong khi ky thuat Synthetic Mlnorlty Oversampling Techmque (SMOTE) dugc ap dung nhim g1a1 quyét vin dé mat
can bang dit liéu, v6i muc tiéu cai thién do chinh xdc cia md hinh. Két qué thuc nghiém cho thiy, CNN va RNN vugt
trdi hon cac md hinh hoc mdy con lai va dat dugc hiéu suit téng thé t6t nhét.

T khoa:  dy dodn 16i phdn mém, hoc mdy, tdp di liéu BugHunter
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I. INTRODUCTION

Developers follow a structured set of steps to build reli-
able and high-quality software. Errors may occur through-
out any phase of the development process. Software faults
are emerging issues that produce unexpected results, po-
tentially causing significant damage. Software testing is
considered an essential phase within the software devel-
opment life cycle (SDLC) [1], as it plays a vital role
in ensuring the delivery of high-quality software. SFP
identifies faults early in the SDLC, improving the final
product’s quality quickly and cost-effectively. SFP focuses
on identifying modules likely to contain faults such as
files, classes, methods, and functions based on defect data
gathered from past software projects. Predicting potential
faults early helps improve software quality by addressing
critical faults before they affect functionality, reliability,
or security. Many machine learning (ML) techniques have
been investigated for constructing SFP models, yielding
encouraging outcomes on publicly available datasets. En-
semble learning, along with deep learning models, has
been extensively employed and has shown considerable
success in this context [2, 3]. These techniques utilise
fault records from previous software projects to develop
models that anticipate faults in new systems [4]. However,
the performance of fault prediction models is affected by
various factors such as datasets, software metrics, machine
learning techniques, feature selection methods, evaluation
criteria, and issues related to datasets [5].

Recently, Ferenc et al. [6] introduced a new dataset called
BugHunter, which features a substantially greater number of
instances than the NASA datasets. This facilitates the ability
of machine learning and deep learning models to improve
their performance. One of the main challenges with the
BugHunter dataset is the issue of imbalanced data, where
the number of non-fault instances is much greater than the
number of fault instances. By addressing this problem using
oversampling techniques, both machine learning and deep
learning models can achieve better performance. This also
opens a new avenue for research, where researchers can
apply and compare various deep learning architectures, al-
gorithms, and techniques to push the boundaries of machine
learning performance.

In this study, we present a comparative study of four ma-
chine learning techniques including KNN, MLP, XGBoost
and AdaBoost and three deep learning models, namely
CNN, RNN, and LSTM using the BugHunter Dataset [6] to
compare their performance. The experimental result shows
that RNN, CNN and LTSM achieved higher performance
than machine learning models by 10.16%, 12.28%, 12.28%,
and 5.61% in terms of accuracy, AUC, Fl-score, and
recall, respectively. In the next section, we present related
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work in SFP. The experimental design is illustrated in
section II. Section III provides the experimental results. Our
conclusion is presented in section IV.

II. RESEARCH METHODOLOGY

Researchers have extensively explored machine learning
and deep learning (DL) classifiers using various datasets
and performance metrics. This section reviews significant
research works on SFP, highlights the rationale for selecting
specific DL techniques, and discusses existing challenges in
SFP.

1. Machine Learning Techniques

Numerous studies have demonstrated that machine learn-
ing techniques receive considerable focus in SFP because
of their capability to analyse diverse software metrics
and accurately forecast software faults. In [7], the authors
presented a CRC-based software fault prediction approach.
They compared the performance of various models, such
as Naive Bayes, neural networks, and C4.5, by utilizing
the NASA datasets. The results show that the proposed
model outperforms the others. Ensemble methods were
also investigated in [8], where the authors compared filter-
based feature ranking techniques like Gain Ratio and In-
formation Gain. They developed models using Naive Bayes
(NB), MLP, KNN, SVM, and logistic regression (LR). The
experiments demonstrated the effectiveness of ensemble
approaches.

Rathore and Kumar [4] showed that most recent studies
have used supervised learning techniques such as Decision
Tree (DT), SVM, MLP, and ensemble learning as Random
Forest (RF), followed by statistical techniques for building
SFP models. In a systematic review conducted by Malho-
tra [9], C4.5, NB, MLP, SVM, and RF were identified as
the machine learning techniques most commonly applied in
SFP.

Cynthia et al. [10] concentrated on enhancing the effec-
tiveness of machine learning techniques in SFP. They in-
troduced a new feature transformation method that employs
a genetic algorithm to identify the optimal representation
of the data, which helps better distinguish between buggy
and bug-free code. As a result, popular machine learning
models such as Random Forest, KNN, LR, and NB achieved
significantly higher performance than when using the orig-
inal dataset.

Recently, Ferenc et al. [6] employed traditional machine
learning models including Naive Bayes Multinomial, Lo-
gistic Regression, SGD, Simple Logistic, Voted Perceptron,
Decision Table, OneR, J48 (C4.5), RF, and Random Tree
to assess the performance of the new BugHunter dataset
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in predicting software bugs. The results achieved high F-
measure values. A study by Pandey et al. [5] compared
the performance of various ML algorithms in SFP. The
results showed that algorithms such as Random Forest,
SVM, Naive Bayes, C4.5, Logistic Regression, and MLP
were the top choices. These algorithms have proven to
be capable of accurately predicting code segments at risk
of errors, helping software developers proactively prevent
potential errors.

2. Deep Learning Techniques

Deep Learning, which belongs to the broader area of
machine learning, employs multilayer Neural Networks to
process extensive datasets, identify underlying patterns, and
transfer learned representations across various tasks [11].
By integrating supervised, unsupervised, hybrid, and rein-
forcement learning techniques, the approach detailed in [5]
demonstrates high effectiveness in SFP for large datasets
exceeding 10,000 instances, surpassing traditional methods
in terms of predictive capability. Dam et al. [12] introduced
a tree-structured LSTM model designed to automatically
extract source code features for fault prediction. The model
utilises the Abstract Syntax Tree (AST) structure of source
code and functions through four main stages: converting the
code into an AST, transforming the labels of AST nodes
into vector embeddings, and applying a tree-structured
LSTM network to generate a comprehensive vector rep-
resentation of the full AST.

In [13], Liang et al. proposed an SFP model that com-
bines word embedding and LSTM. The process involves
three steps: extracting tokens from the AST, converting the
tokens into vectors, and using these vectors with labels to
build an LSTM. The LSTM learns the semantic meaning of
the code to identify faults. Experiments conducted on eight
open-source software projects demonstrate that the model
achieves better performance than current fault prediction
techniques. In contrast to earlier studies that concentrate on
extracting features from tree-based structures, this model
prioritises capturing the semantic meaning of programs.
Phan and Le Nguyen [14] introduced a CNN-driven ap-
proach that characterises programs by generating Control
Flow Graphs (CFGs) from assembly code to model exe-
cution behaviour. They then applied multiview, multilayer
CNNs to analyse the CFG data for fault prediction.

Farid et al. [15] proposed the CBIL framework, leverag-
ing CNN and Bi-LSTM to enhance SFP models, showing a
30% enhancement over baseline models and improving the
F-measure by 25% compared to CNN. Similarly, an 1D-
CNN model was introduced by Zain et al. [16]. This model
demonstrates superior performance over traditional ML and
CNN models in both accuracy and Fl-score, confirming
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its effectiveness for fault proneness prediction. Meanwhile,
Qiao et al. [17] introduced a DL-based model utilizing soft-
ware metrics from real-world datasets, outperforming state-
of-the-art methods with significantly higher fault prediction
accuracy.

In general, researchers have investigated a range of tra-
ditional machine learning techniques and deep learning
architectures to improve the effectiveness of SFP models,
leading to notable improvements in accuracy, precision,
recall, and other evaluation metrics. However, datasets
remain the most critical factor influencing the quality of
these models. Considering the BugHunter dataset [6], it
contains significantly more instances compared to previous
datasets, which facilitates the improvement of ML and
DL performance over prior research. This study performs
experiments on the BugHunter dataset utilising multiple
techniques, with further details provided in section II.

3. Experiment Design

In this paper, we examine the performance of four
conventional machine learning and ensemble boosting al-
gorithms, namely KNN, MLP, XGBoost, and AdaBoost
as well as three deep learning models: CNN, RNN, and
LSTM. The experimental steps are presented in Fig. 1. In
the first stage, we collected seven projects from BugHunter,
with the details of each dataset described in Table 1. The
effectiveness of SFP models is highly influenced by the
quality of the training data, making the pre-processing stage
a critical factor in this context. The data was partitioned
into training and testing sets for assessing the model’s per-
formance. Subsequently, Lasso regression combined with
eight-fold cross-validation was employed to determine the
best feature. Additionally, SMOTE was applied to balance
the dataset. The balanced data was then used to train models
using the parameters described in section II.7.

4. Datasets

Seven different Java projects extracted from the
BugHunter dataset [6] were used in this comparative study.
As shown in Table I, the number of non-faulty instances
is greater than that of faulty instances, so the datasets are
imbalanced. Each project includes independent attributes
such as Comment Rules, Coupling Rules, etc. and the
dependent attribute is number of bugs. Table I presents the
description of the used projects.

5. Feature Selection

Least Absolute Shrinkage and Selection Operator (Lasso)
[18], combined with five-fold cross-validation, was utilized
to identify the most relevant features, thereby enhancing
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Figure 1. The main steps of the evaluation.

Table 1
BUGHUNTER DATASETS USED IN THE STUDY
Project Inst. Faulty Non-F. Ratio (%)
Ceylon 2087 508 1579 23.34
Orxy 810 71 733 9.51
Titan 785 168 617 21.40
Orientdb 9445 2589 6856 27.41
Broadleaf 4709 1025 3684 21.77
MapDB 1456 480 976 32.97
Neo4j 7030 1841 5189 26.19

model learning and minimizing overfitting. The LASSO
formula can be defined as follows:

N
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where X;, is pth predictor (feature), y; is the value of
the response and 3; is the regression coefficient of the pth
feature.

6. Handling Imbalanced Data

The BugHunter dataset presents a challenge due to its
imbalanced nature. Therefore, in this study, SMOTE [19]
was utilized. To maintain the reliability and validity of our
model, the dataset was split into training and testing subsets,
applying SMOTE solely to the training portion instead of
the full dataset.

7. Parameter Configuration

In this study, the hyperparameter optimisation Op-
tuna [20] was utilised for tuning hyperparameters in each
machine learning model. Furthermore, we applied 10-fold
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cross-validation to assess the performance of the com-
parative methods. During each iteration, the model was
trained on eight segments of the dataset, with the remaining
segment set aside for evaluation. Tables II-IV describe some
parameters and their values in deep learning models (CNN,

RNN, LSTM).

8. Machine Learning and Deep Learning algorithms

As presented in sections II.1 and II.2, researchers have
explored and applied various ML and DL approaches
to improve the effectiveness of SFP models. Among the
numerous options, we selected the following algorithms for
this comparative study.

1) KNN represents a fundamental classification algo-
rithm, particularly suitable in scenarios where limited
or no prior knowledge regarding the data distribution
is available [21]. The algorithm assigns a class label
to a query instance by analyzing the labels of its K
nearest neighbors in the feature space. Specifically,
the predicted label corresponds to the class that ap-
pears most frequently among the K nearest neighbors.
MLP belongs to the family of Artificial Neural Net-
works (ANN) and features several layers of neu-
rons arranged sequentially. This architecture aims to

2)
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3)

4)

Table 11

PARAMETER CONFIGURATION FOR CNN
Parameter Definition Value
layer_1_filters Number of filters in first convolutional layer 50
layer_2_filters Number of filters in second convolutional layer 20
kernel_size Size of the convolutional kernel 3
pool_size Size of max pooling window 2
dense_units Number of units in hidden dense layer 64
batch_size Number of samples per gradient update 32
epochs Number of complete passes through the training dataset 200
learning_rate Optimizer learning rate 0.01
optimizer Optimization algorithm Adam

loss_function
activation_function

Loss function for model training
Activation function in hidden layers

Binary Cross-entropy
ReLU

output_activation Activation function in output layer Sigmoid
Table III
PARAMETER CONFIGURATION FOR RNN
Parameter Definition Value
rnn_units Number of units in RNN layer 32
dense_1_units Number of units in first dense layer 32
batch_size Number of samples per gradient update 32
epochs Number of complete passes through the training dataset 200
learning_rate Optimizer learning rate 0.01
optimizer Optimization algorithm Adam

loss_function
activation_rnn

Loss function for model training
Activation function in RNN layer

Binary Cross-entropy
ReLU

activation_dense Activation function in dense layer ReLLU
output_activation  Activation function in output layer Sigmoid
Table IV

PARAMETER CONFIGURATION FOR LSTM
Parameter Definition Value
layer_1_dim Number of units in first LSTM layer 128
layer_2_dim Number of units in second LSTM layer 64
batch_size Number of samples per gradient update 64
epochs Number of complete passes through the training dataset 200
learning_rate Optimizer learning rate 0.001
dropout_rate Dropout probability for regularization 0.2
12_regularization ~ L2 regularization coefficient 0.01
optimizer Optimization algorithm Adam

loss_function
output_activation

Loss function for model training
Activation function in output layer

Binary Cross-entropy
Sigmoid

replicate the neural processing functions observed in
the human brain. The MLP generally comprises an
input layer, multiple hidden layers, and an output
layer. The hidden layers which are unobservable from
outside the network [22]-are essential for capturing
and learning intricate patterns within the data.
AdaBoost [23] is a member of the Boosting family
of algorithms. This method operates iteratively by
prioritizing misclassified samples during training,
adjusting the sample distribution accordingly, and
continuing this process until the weak classifier has
been trained a predefined number of times.

XGB [24] is also a part of the Boosting family of
algorithms. The aim of XGB is to minimize the loss
function by constructing decision trees sequentially,
where each new tree corrects the errors made by the
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5)

6)

7

previous trees. XGB enables regularization (L1 and
L2), parallel processing, and automatic handling of
missing data.

CNN is a prominent deep learning framework in-
spired by the visual perception systems found in
biological entities [25]. Its architecture commonly
includes essential layers such as convolutional, ac-
tivation, pooling, fully connected, dropout, and batch
normalization layers.

RNN is a neural network architecture specifically
developed for handling sequential data. Its strength
lies in a high-dimensional hidden state governed by
nonlinear dynamics, allowing it to retain and utilise
past information effectively [26].

LSTM was introduced to address the exploding/van-
ishing gradient problems that typically arise when



learning long-term dependencies [27] by using mem-
ory cells and gating mechanisms to retain or forget
information over long sequences selectively.

9. Performance Metrics

In order to evaluate and deeply understand the perfor-
mance of the models, we examined them based on four
main metrics: accuracy, Fl-score, AUC, and recall.

o True Positive (TP): The number of positive samples
classified correctly.

o True Negative (TN): The number of negative samples
classified correctly.

« False Positive (FP): The number of negative samples
classified as positive samples.

« False Negative (FN): The number of positive samples
classified as negative samples.

Precision is the percentage of correctly predicted positive
samples out of the total predicted positive samples. It is
represented as:

TP
TP+ FP

Accuracy is the ratio of correct predictions to the total
instances in the target attribute. The value of accuracy
ranges from O to 1.

Precision =

@

F1-score is calculated as:

precision X recall

Fl-score =2 x T
precision + recall

3

The F1-score increases when both precision and recall
are high, providing a balanced measure of a model’s
performance, especially in handling imbalanced datasets.
Recall measures the percentage of correctly predicted pos-
itive samples out of all actual positive samples. It is
represented as:

TP
TP+ FN

The AUC (Area Under the Curve) is used to evaluate
the efficiency of the SFP model. A curve that approaches
the upper-left corner of the plot indicates good model
performance, whereas a curve that deviates significantly
from this area suggests poorer performance.

Recall = @

III. EXPERIMENT RESULTS

This section presents the experimental findings from a
comparative analysis of machine learning and deep learn-
ing models across various projects within the BugHunter
dataset, evaluated using Accuracy, AUC, Fl-score, and
Recall metrics.
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As shown in Table V, CNN, RNN, and LSTM demon-
strated superior performance in most projects. In the
Ceylon-ide-eclipse project, CNN achieved the highest per-
formance in all metrics, achieving an value of 63.4%, an
AUC value 67.8%, an Fl-score value 62.7%, and recall
value 64.3%. Meanwhile, RNN demonstrated better perfor-
mance compared to traditional machine learning models,
achieving an accuracy value 62%, an AUC value 66.4%,
Fl-score value 61.8%, and recall value 63.9%. LSTM
outperformed traditional machine learning models only in
terms of AUC, with a value value 63.2%. RNN showed
exceptional performance on the Orxy project, achieving the
highest accuracy (91.0%) and recall (96.2%) values while
CNN achieved the best AUC (95.0%).

For the Titan project, the RNN model consistently outper-
formed all other models by significant margins, achieving
the highest performance across all evaluated metrics, in-
cluding accuracy (65.6%), AUC (73.5%), F1-score (63.2%),
and recall (62.0%). Similarly, in the Neo4j project, the
CNN model demonstrated superior performance across all
metrics, attaining an accuracy of 56.0%, an AUC of 57.8%,
an Fl-score of 59.5%, and a recall of 65.3%.

In the MapDB project, deep learning models demon-
strated superior performance across multiple metrics. The
CNN achieved the highest accuracy value of 62.5%, the
RNN attained the highest AUC value of 66.2%, while the
LSTM exhibited strong performance in terms of an FI1-
score value of 68.0% and a recall value of 90.7%.

On the other hand, traditional machine learning models
achieved better performance than deep learning models
in some cases. For instance, in the Broadleaf-Commerce
project, KNN achieved superior performance across most
metrics, with an accuracy value of 68.6%, an F1-score value
of 68.4%, and a recall value of 69.2%. The highest AUC,
however, was attained by the RNN model, with a value of
75.6%. Similarly, in the OrientDB project, the MLP model
demonstrated robust performance, achieving the highest F1-
score and recall values of 59.5% and 59.5%, while the RNN
model achieved the best AUC value of 65.4%.

Moreover, drawing upon the study by Ferenc et al. [6],
we compare their best performing techniques with our
experimental results in terms of Fl-score as summarized
in Table VI. For the MapDB project, RNN slightly out-
performs CNN, with Fl-score values of 0.643 and 0.604,
respectively. Meanwhile, Random Forest demonstrates com-
petitive performance, achieving the highest F1-score value
of 0.736 on the BroadleafCommerce project, while also
performing well on Orientdb (0.623). Lastly, LSTM showed
varied performance, with its best score of 0.832 on the
Oryx project. Overall, deep learning models (CNN, RNN
and LSTM) achieved better performance compared with the
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Table V
PERFORMANCE COMPARISON OF MACHINE LEARNING AND DEEP LEARNING MODELS
Project Metric KNN MLP AdaBoost XGB CNN RNN LSTM
Accuracy  0.538  0.544 0.571 0.583 0.634 0.620  0.581
Ceylon-ide-cclipse AUC 0.543  0.582 0.568 0.587 0.678 0.664  0.632
Fl-score  0.530 0.537 0.562 0578 0.627 0.618  0.562
Recall 0.541  0.547 0.577 0.586 0.643 0.639  0.548
Accuracy  0.688  0.713 0.650 0.613 0908 0910 0.834
Orxy AUC 0.750  0.757 0.770 0.725 0950 0945  0.905
Fl-score  0.669 0.712 0.621 0.544 0911 0914 0832
Recall 0.742  0.712 0.720 0.782 0954 0962  0.832
Accuracy  0.494  0.530 0.500 0.530 0.617 0.656  0.570
Titan AUC 0.513  0.500 0.493 0.500 0.680 0.735  0.613
Fl-score  0.488  0.528 0.474 0.528 0.573  0.632 0532
Recall 0.495  0.532 0.500 0.531 0.558  0.620  0.536
Accuracy  0.576  0.594 0.592 0.580 0.600 0.602  0.616
Orientdb AUC 0.599 0.634 0.630 0.628 0.641 0.654  0.650
Fl-score  0.571 0.595 0.592 0.575 0.565 0.557 0576
Recall 0.579  0.595 0.592 0.584 0.524 0.505  0.522
Accuracy  0.686  0.673 0.650 0.672  0.639 0.683  0.623
Broadleaf-Commerce AUC 0.725  0.732 0.709 0.748 0.702 0.756  0.693
Fl-score  0.684 0.667 0.646 0.665 0.584 0.680  0.584
Recall 0.692  0.688 0.657 0.688 0.513 0.676  0.534
Accuracy  0.586  0.603 0.588 0.584 0.625 0.615 0575
MapDB AUC 0.622  0.632 0.619 0.609 0.655 0.662  0.620
Fl-score  0.560 0.592 0.586 0.582 0.604 0.643  0.680
Recall 0.614 0.614 0.690 0.586 0.584 0.706  0.907
Table VI
PERFORMANCE COMPARISON OF DEEP LEARNING MODELS WITH BEST-PERFORMING TECHNIQUES IN [8]
Project Random Forest  SimpleLogistic SGD CNN RNN LTSM
Ceylon-ide-eclipse 0.539 - - 0.627 0.618  0.562
Oryx 0.667 - - 0911 0914 0.832
Orientdb 0.623 - - 0.565 0.557  0.576
MapDB - 0.561 - 0.604  0.643  0.680
BroadleafCommerce 0.736 - - 0.584 0.680  0.584
Titan - - 0.579 0.573  0.632  0.532

ML models on 5 out of 7 projects in terms of Fl-score.

The results imply that RNN and CNN models demon-
strate reliable effectiveness, confirming their relevance to
this domain. However, traditional machine learning ap-
proaches remain viable alternatives in specific scenarios,
demonstrating competitive performance in certain metrics.

IV. CONCLUSIONS

Choosing models in SFP plays a critical role in determin-
ing overall performance. Although machine learning mod-
els have shown considerable effectiveness, deep learning
approaches possess the capability to address the inherent
limitations of traditional machine learning techniques. Our
objective is to evaluate and contrast the performance of
various machine learning and deep learning models on the
BugHunter dataset, using Accuracy, Fl-score, AUC, and
Recall as evaluation metrics. In general, deep learning mod-
els demonstrated their superiority by achieving higher per-
formance than machine learning models on most projects.
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In particular, RNN, CNN, and LSTM outperformed tra-
ditional machine learning models, yielding respective im-
provements of 10.16%, 12.28%, 12.28%, and 5.61% in
Accuracy, AUC, Fl-score, and Recall. In the future, we
plan to evaluate more state-of-the-art deep learning models
on the BugHunter dataset and improve the performance of
SFP models by handling imbalanced data and irrelevant or
redundant feature issues. We expect these models to deliver
even higher performance, providing significant advantages
in the early prediction of software faults.
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