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Abstract
Software defect prediction (SDP) is an essential task in software engineering for identifying
defective modules early in the development process, thereby improving software quality and
reducing maintenance costs. Existing SDP models often face a number of difficulties despite
notable improvements, such as imbalanced datasets and the inability to capture the complex
relationships within the code. In this manuscript, a software defect prediction using edge
feature with self-attention-based cycle-consistent generative adversarial network optimized
by the pelican optimization algorithm (SDP-ESA-CycleGAN-POA) is proposed to enhance
the defect prediction by capturing semantic features within the software code. The proposed
methodutilizes abstract syntax tree (AS-Tree) tokens anddensevector transformation through
word embedding to improve prediction accuracy. Then, edge feature and self-attention-based
cycle-consistent generative adversarial network (ESA-CycleGAN) predicts the data as buggy
and clean. Finally, the pelican optimization algorithm (POA) is employed to enhance the
weight parameters of the ESA-CycleGAN, leading to improved defect prediction accuracy.
This research evaluates the ESA-CycleGAN model using the PROMISE dataset. The pro-
posed SDP-ESA-CycleGAN-POA method achieves 21.57%, 23.41%, 16.10% and 18.73%
higher accuracy compared with the existing models: a new method to SDP accuracy with
machine learning (SDP-RF-LR), SDP using optimum trained convolutional neural network
(SDP-OT-CNN), SDP utilizing intelligent ensemble-based method (SDP-RF-SVM-ANN)
and SDP through neural network and feature selections (SDP-RBFNN-FS) respectively.
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1 Introduction

Over the past 20 years, the demand for software has increased significantly across a wide
range of applications [1]. Each year, a significant number of software applications are cre-
ated in response to the growing demand from contemporary technology-based businesses
and business applications. However, software quality is frequently disregarded in the process
of creation [2, 3]. Software applications have grown to be indispensable in recent years for
daily and corporate usage [4]. A minor software flaw in a business organization could result
in a loss for the sector and worse customer satisfaction [5]. Software testing-related prob-
lems become urgent concerns. Therefore, a software testing is done automatically, which can
reduce implementation costs and increase performance [6, 7]. This issue can be avoided if the
tester is informed about the general software development process and the origins of proba-
ble errors. This can aid in better planning and carrying out software development projects in
addition to lowering the overall cost of software development [8]. The software development
life cycle is regarded as the primary driver of software development in software industries
[9, 10]. Recent data indicates that project managers view early defect prediction as an essen-
tial and difficult role expected increasingly [11]. The discipline of software development
has evolved to include complex issue domains, complicated development processes, unpre-
dictable software performance and rising software application requirements [12, 13]. Certain
faults in software development are unavoidable and lead to software performance decrease
with extensive documentation and a well-organized procedure [14]. SDP is a technique that
utilizes a method to estimate the code areas that has defects [15]. The processing of SDP
encompasses three steps: historical defect database collection; utilizing the historical data to
regression training or categorization under deep learning or machine learning methods; and
using the trained mode to estimate likelihood of software defects [16]. On the view of various
database granularities, SDP can be separated as four levels: package, file, method and change
[17]. On the view of diverse metrics, SDP is separated as two defect prediction phases: static
and dynamic [18]. SDP uses static software measurements to forecast the quantity or distri-
bution of defects [19]. The primary goal of dynamic defect prediction approaches is to use
defect generation time to anticipate the distribution of system flaws over time [20].

Many researches have been presented for SDP to predict defective instances fromhistorical
data [21]. But the presented SDP methods struggle with class imbalance, where defect-
free instances considerably exceed the defective ones. Traditional methods often emphasize
basic statistical metrics or simple software measures, such as lines of code, complexity
and historical defect data. However, these approaches fall short in capturing the intricate
interactions among various features that contribute to software defects. Currentmethods often
overlook temporal and contextual changes in software development, such as new features,
code modifications or evolving developer practices, all of which can significantly impact
defect prediction.

This study develops an ESA-CycleGAN model to explore how it can effectively improve
defect prediction. In the proposed model, AS-Trees provide a hierarchical representation
of the code’s syntactic structure, allowing for a deeper understanding of the relationships
between different codes constructs. By using edge features from the software’s dependency
graph, the proposed model can learn a richer set of features that capture the intricate rela-
tionships between different components of the software. The self-attention GAN facilitates
the method to focus on the relevant parts of the software by assigning attention weights to
different features. This mechanism addresses the issue of traditional models overlooking
important features by dynamically learning. The pelican optimization algorithm is used to
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fine-tune model parameters, helping to prevent overfitting and improve generalization by
finding the optimal balance between model complexity and accuracy.

To assess the proposed SDP-ESA-CycleGAN-POA approach, the following two research
questions were explored:

• How the proposed SDP-ESA-CycleGAN-POA method compare to the existing methods
under accuracy for detecting buggy and clean software in software defect prediction?

• What are the advantages of with the pelican optimization algorithm (POA) in optimizing
the weight parameter of ESA-CycleGAN?

The major concepts of this paper are abridged below:

• SDP-ESA-CycleGAN-POA method is proposed.
• Utilization of self-attention mechanisms to extract essential features from abstract syntax
tree (AS-Tree) tokens while disregarding less relevant ones, leading to improved accuracy
and efficiency in defect prediction.

• Introduction of the ESA-CycleGAN [22] model for defect prediction in software engi-
neering, which utilizes AS-Tree tokens and dense vector transformation through word
embedding to enhance accuracy in defect prediction.

• Integration of the POA [23] is to improve the weight parameters of ESA-CycleGAN
method, thereby obtaining the optimal solution and enhancing the SDP.

The remaining paper is structured as: portion 2 presents the related works, portion 3
explains the proposed approach, portion 4 exemplifies the outcomeswith discussions, portion
5 explains threats to validity and portion 6 gives the conclusion.

2 Related work

Several research works were suggested in the studies based on SDP utilizing deep learning;
some of them are revised here.

Mehmood et al. [24] have suggested a novel method for enhancing machine learning’s
capacity to forecast software defects. The suggested paper uses feature selection in combi-
nation with machine learning approaches, like decision stump, random forest, Rule ZeroR,
J48, Lazy IBK, support vector machine, logistic regression, multi-layer perceptron, Bayesian
net and neural networks for attaining higher defect prediction accuracy without using feature
selection. It provides higher accuracy and lower sensitivity.

Balasubramaniam and Gollagi [25] have suggested an optimally trained convolutional
neural network for SDP. A multi-stage methodology for software defect prediction was pre-
sented. First, there was a pre-processing phase for the input data. Furthermore, enhanced
principle component analysis was used to choose the required attributes. Then, a CNN (con-
volutional neural network) has been upgraded to be utilized for predicting flaws based on the
selected features. The suggested hybrid seagull adopted ant lion optimization method opti-
mizes the CNN weights to achieve accurate and precise detection. It attains greater precision
and greater computation time.

Ali et al. [26] have suggested software defect prediction with an intelligent ensemble-
based model. The presented method uses a two-step prediction procedure to identify faulty
modules. During the initial phase, four supervised machine learning techniques were uti-
lized: artificial neural network, support vector machine, random forest and naïve Bayes. To
attain the maximum accuracy feasible, these algorithms undergo iterative parameter opti-
mization. The voting ensemble that incorporates the predictive accuracy of each individual
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classifierwas used to create the final predictions in the second step. It provides high specificity
and low accuracy.

Alkhasawneh [27] have presented feature selection and neural network-based software
defect prediction. Here, suggested a methodology using feature selection and classifications
to forecast the software failure. Radial basis function neural network (RBF) was utilized
for classification, while a correlation-based technique was applied for feature selection. In
addition, fourteenNASA datasets were used to test the techniquewas provided. The RBFwas
instructed and evaluated before and after evaluations. Four techniques are utilized to assess
the efficacy of approaches with precision, recall, F-measure and accuracy was presented. It
attained greater accuracy, but lesser F-measure.

Rajnish et al. [28] have suggested new convolutional neural network model for software
defect prediction. TensorFlow and Keras were integrated into the Python programming lan-
guage framework. Four NASA scheme databases (KC1, PC1, PC2 andKC3) chosen from the
PROMISE repositorywere used in a comparative analysis usingmachine learning approaches
like random forest, decision trees, naïve Bayes, DNN on F-measure, recall, precision, accu-
racy. It attains lesser error rate and greater computation time.

Parashar et al. [29] have introduced a machine learning method to predicting software
flaws using multi-core parallel computing. The suggested work provides a multiple core
parallel machine learning technique for SDP, enabling the component classification as either
defective or non-defective. The presented models development, training and testing, the
number of CPU cores employed for processing has changed. Using the suggested approach,
several empirical investigations were conducted on 11 NASA/PROMISE software systems
and other relevant sources. It reached higher accuracy and lower sensitivity.

Manchala and Bisi [30] have suggested a diversity-based imbalance learning strategy that
uses machine learning models to predict software faults. The imbalance learning approach
based on weighted average centroid (WACIL) was used in the presented study. The WACIL
initially identifies occurrences were borderline, then uses a weighted average centroid idea to
generate pseudo-data about those instances and filters out unwanted noise data using filtration
procedure. In which, 24 PROMISE and NASA projects were used for the experiments and
compared to some of the current sampling techniques. It provides low computation time and
low accuracy.

Based on the related work presented above, the following drawbacks are observed by
the previous methodologies used. Existing methods, such as Mehmood et al. [24], primar-
ily focused on traditional machine learning techniques combined with feature selection.
While these methods achieve reasonable accuracy, they often lack the ability to capture
complex relationships within the data. In contrast, the proposed SDP-ESA-CycleGAN-POA
method utilizes advanced machine learning techniques, specifically the ESA-CycleGAN
model, which incorporates self-attention mechanisms. This allows the proposed approach to
focus on relevant features while disregarding less significant ones, leading to improved accu-
racy and efficiency in defect prediction. The optimally trained convolutional neural network
presented by Balasubramaniam and Gollagi [25] relies on a single type of architecture. The
proposed method integrates the ESA-CycleGAN model with the POA, which enhances the
model’s learning capabilities and optimizes the weight parameters effectively.
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3 Proposedmethodology

In this section, the proposed SDP-ESA-CycleGAN-POA is discussed. The block diagram
of the proposed software defect prediction using ESA-CycleGAN with pelican optimization
system is shown in Fig. 1.

The process begins with the PROMISE dataset, which is pre-processed by parsing the
source code into abstract syntax trees (AS-Trees), followed by handling class imbalance
issues. The pre-processed data is then used for software defect prediction, leveraging edge
features and self-attention-based cycle-consistent GANs to distinguish between "Buggy" and
"Clean" code. After generating the defect predictions, the results are further optimized using
the pelican optimization algorithm to enhance the accuracy and effectiveness of the defect
prediction model.

Fig. 1 Block diagram of proposed enhanced software defect prediction using ESA-CycleGAN with pelican
optimization system
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3.1 Data Pre-processing

The data pre-processing section involves two main tasks: parsing source code into abstract
syntax tree (AS-Tree) tokens and managing class imbalance in the dataset.

3.1.1 Parsing source code into AS-tree

Java source code files from the PROMISE dataset are first parsed into abstract syntax trees
(AS-Trees). It is a representation of the source code’s syntactic structure in a tree. Each node
in the AS-Tree corresponds to a particular construct in the code, such as control structures,
method declarations or class instantiations. The purpose of using AS-Trees is to extract
meaningful, structured features from the code that are essential for defect prediction. Key
categories of AS-Tree nodes are tokenized, which are given below.

• Control Flow Nodes: This includes constructs like if, while, for and do statements, which
dictate the flow of execution in the code. These nodes are recorded by their type (e.g. if
statement, while loop) to capture the control flow patterns.

• Method Calls and Class Instantiations:Nodes representing method invocations and object
creations are captured as tokens. For instance, the method call foo () is tokenized simply
as foo without the parentheses, then focusing on the names of methods or classes without
considering their arguments.

• Declaration Nodes: These include method and class declarations, which are tokenized by
their respective names.

Once these key nodes are extracted, the less important nodes, such as comments, literals
and other irrelevant code constructs are filtered out to focus on critical features to defect
prediction. The remaining tokens are converted into integer vectors via the dictionary-based
mapping, where each unique token is assigned a corresponding integer value.

3.1.2 Handling class imbalance

The datasets in SDP exhibit a significant class imbalance, here a number of defect-
free instances greatly exceeding a number of defective ones. This imbalance can lead to
biased model training, where the model becomes overly optimistic about predicting clean
instances while neglecting the defective instances. Synthetic minority oversampling tech-
nique (SMOTE) effectively addresses this problem by generating synthetic instances of the
minority class, thereby providing a more balanced dataset for training. Unlike simple over-
sampling techniques that duplicate existing instances of theminority class, SMOTEgenerates
new synthetic instances by interpolating among the existing minority class examples. This
approach increases a number of instances in the minority class and introduces variability
and diversity in the training data. By generating new examples that are similar but not iden-
tical to existing ones, SMOTE helps the model learn more generalized patterns associated
with defects, which can improve its predictive performance. SMOTE maintains the underly-
ing distribution of the data better than random oversampling. The step-by-step procedure is
deliberated how the SMOTE works:

Step 1: Identify minority class It determines which class is the minority class (defective
files in software defect prediction).

Step 2: Select a sample Randomwise select the instance from the minority class.
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Step 3: Findnearest neighbours From theminority class, calculate the k-nearest neighbours
(k = 5) of the selected instance. This involves measuring the distance between the selected
instance and other instances in the minority class.

Step 4: Generate synthetic instances Create a synthetic instance by interpolating amid the
selected instance and neighbour.

Step 5: Repeat Repeat the procedure until the desired count of synthetic instances is gen-
erated to balance the dataset.

By using SMOTE, the proposed model can learn better from the minority class and it
improves its ability to predict instances of that class effectively.

3.2 Software defect prediction with edge feature and self-attention-based
cycle-consistent generative adversarial network

This section discusses about the ESA-CycleGAN-POA [22] for software defect prediction.
Here, the ESA-CycleGAN is employed to forecast a novel source file as buggy or clean. The
integration of edge features permits the proposed technique to focus on critical structural
aspects of software metrics, leading to more accurate defect classification. The self-attention
mechanism further enhances this by enabling the model to prioritize and weigh the relevant
parts of input data, which is essential for identifying subtle defect-related patterns. The self-
attention mechanism’s capability to capture the longer-range dependencies and interactions
within the data further aids in understanding complex defect patterns, resulting in more
informed classification decisions. Moreover, it can handle lengthy token sequences. The
generator, edge extraction module (EEM), discriminator and self-attention module (SAM)
are the four factors of the ESA-CycleGAN model.

3.2.1 Generator

The generator in the CycleGAN architecture for SDP is responsible for transforming input
data, specifically the dense vector representations of AS-Tree tokens into outputs that indicate
whether the software is buggy or clean. The dense vectors capture semantic relationships
between tokens, also allowing the model to understand the context and meaning of the code
constructs. After the AS-Tree tokens are embedded into dense vectors, they are organized
into a suitable format for input into the GAN. This involves structuring the vectors into
sequences that can be processed by the generator. Then the generator utilizes these dense
vector representations to generate outputs that classify the input code as either buggy or clean.
The integration of dense vector embeddings enhances the model’s capacity to learn complex
patterns and relationships within the code, ultimately improving the accurateness of software
defect prediction. Generator consists of multiple processing layers, such as fully connected,
convolutional layers, which learn to capture complex patterns along relationships within
the input data. The generator’s primary function is to produce realistic outputs that mimic
the characteristics of actual software code, thereby generating a probability distribution that
classifies the input as either buggy or clean. This output is crucial for the discriminator, which
evaluates the generated data against real examples. The generator also incorporates a self-
attention mechanism (SAM) to enhance its ability to focus on relevant features within the
input, allowing it to produce outputs that are more aligned with the characteristics of buggy
or clean code. Through this process, the generator plays a vital role in the adversarial training
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Fig. 2 Architecture diagram of ESA-CycleGAN generator

framework, continuously improving its outputs based on feedback from the discriminator
until both components reach a state of Nash equilibrium.

Figure 2 shows the architecture diagram of ESA-CycleGAN generator. The inputs are
processed through an encoder using residual blocks to capture the underlying defect patterns.
A self-attention mechanism is applied between the encoder and the decoder to enhance
the feature representation. The decoder then reconstructs the predicted defect features and
patterns, which are output alongside the corresponding predicted defect status.

3.2.2 Discriminator

The discriminator in the CycleGAN architecture for SDP is tasked with distinguishing
between real and generated data, specifically analysing the features extracted from both
clean and buggy code. It receives inputs from the generator, which includes the outputs it has
produced, and evaluates these alongside real data to classify them as either buggy or clean.
The discriminator outputs a one-dimensional score that reflects the likelihood of the input
belonging to a particular class, effectively serving as a critical component in the adversarial
training process. By continuously training to maximize its classification accuracy, the dis-
criminator provides essential feedback to the generator, pushing it to improve its outputs.
This adversarial dynamic continues until both the generator and discriminator reach a state of
Nash equilibrium, where neither can significantly improve without the other adapting, thus
enhancing the overall presentation of the software defect prediction model.

Figure 3 shows the architecture diagram of ESA-CycleGAN discriminator diagram. The
discriminator processes the output data, which could be defect predictions, through a series
of self-attention layers. These layers refine the representation of the data, also enabling the
model to distinguish between buggy and clean software based on the learned patterns. The
self-attention layers output is used to classify the input as either "Buggy" or "Clean".

3.2.3 Edge extraction module (EEM)

The EEM is an important component of the CycleGAN architecture that focuses on iden-
tifying and emphasizing the structural elements within the software code. It operates by
extracting high-frequency features, such as edges and textures on the input code, which are
indicative of potential defects. By isolating these edge features, the EEM enhances the input
representation that is fed into the generator, allowing the model to capture important struc-
tural information that may signal defects. This process improves the quality of the data being
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Fig. 3 Architecture diagram of ESA-CycleGAN discriminator

processed and also aids in the overall defect prediction accuracy by ensuring that the model
is attuned to the critical aspects of the code’s structure.

3.2.4 Self-attention mechanism (SAM)

The SAM is an integral part of the CycleGAN architecture that enhances themodel’s capacity
to focus on related features within the input data. SAM assigns varying levels of importance
to different parts of the input and allowing the model to prioritize features that are more
indicative of defects while disregarding less relevant information. This mechanism is partic-
ularly beneficial in software defect prediction, where certain code constructs may carry more
significance than others. Integrated into both the generator and discriminator, SAM improves
the quality of the outputs generated by the generator and enhances the classification accu-
racy of the discriminator by ensuring that the most pertinent features are emphasized during
the evaluation process. By capturing longer-range dependencies and contextual information,
SAM enables the model to exploit the full range of feature information available in the input
data, ultimately leading to more accurate defect predictions.

Adversarial loss: The adversarial loss measures how well the generator H is able to
produce data that is indistinguishable from real data, as judged by the discriminator D. The
style transfer technique is constructed in sample space of 2 domains to transmit among a
and b domains. For mapping domain a to b utilizing CycleGAN method, H is utilized to
signify this mapping, and H represents generator in the generative adversarial network for
transforming the imagery in a domain of image in target b domain then evaluate regarding if
the data is real using discriminator D. The generative adversarial loss is calculated by Eq. (1)

LossGAN (H , D, a, b) = Eb‘∼Pdata(b)
[
log D(b)

] + Ea∼Pdata(a)

[
log(1 − D(H(a)))

]
(1)

where Ea represents the parameters of the generator for domaina, Eb indicates the parameters
of the generator for domain b, Pdata(b) implies distribution of real data and Pdata(a) implies
distribution of noise input to the generator. The final objective is given in Eq. (2),

H = argmin
H

max
D

LossGAN (H , D, a, b) (2)

This indicates that the generator aims to minimize the loss while the discriminator aims
to maximize it. Finally, the proposed ESA-CycleGAN predicts the input file as buggy or
clean. The artificial intelligence-based optimization strategy is used in the ESA-CycleGAN
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classifier because of its convenience and pertinence. In this work, POA is utilized to improve
the ESA-CycleGAN optimum parameter Ea and Eb. POA is employed to adjust the weight
with bias parameter of ESA-CycleGAN.

3.3 Optimization utilizing pelican optimization algorithm (POA)

The weight parameters Ea and Eb of ESA-CycleGAN are optimized using POA [23] is
discussed. Here, the parameters Ea is optimized to increase the accuracy,Eb is optimized
to decrease computation time. POA excels at global optimization, making it suitable for
finding optimal solutions in multidimensional search spaces. The algorithm demonstrates
resilience and adaptability in dynamic and unpredictable environments. This characteristic
allows POA to adjust to changes in the optimization landscape, enhancing its effectiveness
in real-world applications. Also POA effectively balances exploration and exploitation for
achieving high accuracy in defect prediction models. The proposed POA was inspired by the
typical hunting behaviour of pelicans. Pelicans that look for food sources are called search
agents in POA. POA offers several notable advantages in the realm of optimization. It excels
at global optimization, ensuring it can find optimal solutions in complex and multidimen-
sional search spaces. It exhibits resilience and adaptation, which makes it appropriate for
dynamic and unpredictable surroundings. It takes inspiration from the foraging activity of
pelicans. POA’s parallel processing capability leverages modern computing resources for
faster convergence. It maintains diversity within the population and preventing premature
convergence to suboptimal solutions. The stepwise procedure of POA is delineated below,

3.3.1 Step 1: Initialization

The POA algorithm is depending upon population. All pelican members of this algorithm
have possible solutions. The initialization of eachmember in the optimization process is done
randomly using Eq. (3),

xi = lb + ran ∗ (ub − lb) i = 1, 2, ...., M (3)

where xi denotes value of candidate solution, M signifies amount of population members,
ran is a rand vector of 0, 1 interval, lb implies bth lower bound and ub signifies bth upper
bound for problem variables. Figure 4 shows the flow chart of POA.

3.3.2 Step 2: Random generation

Create the input parameters randomwise. Theoptimumfitness selection depends upon explicit
hyper parameter situation.

3.3.3 Step 3: Fitness function estimation

Fitness function is estimated with optimization parameter value for increasing weight param-
eter Ea and Eb of ESA-CycleGAN. It is given in Eq. (4),

Fitness f unction = optimzing[Ea and Eb] (4)
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Fig. 4 POA flow chart

3.3.4 Step 4: Exploration phase

In this phase, pelicans search for new positions based on their current locations and the
positions of the best-performing pelicans. For example, first pelican may randomly adjust its
position towards the best-performing pelican while exploring new areas. This pelican’s tech-
nique allows for search space scanning along exploration capabilities of POA in identifying
diverse search space locations. The idea that the prey’s location is randomly generated in the
search space is essential to POA. As a result, POAmay precisely search the problem-solving
domain with greater exploration capacity. Equation (5) expresses the previously mentioned
ideas as well as the pelican’s route for attaining the prey position.

xn−1
i =

{
xi (a) + ran.(xr − T .xi ), Gb < Gi

(xi )xi (a) − ran.(xr − T .xi ), else
(5)

where xn−1
i denotes novel i th pelican status in j th dimension depending upon phase 1, T

implies random number equivalent to 1 or 2, xr signifies prey location in j th dimension, Gb

implies objective function. If the goal function value is higher in the new pelican location,
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then it is accepted. This kind of updating referred to as effective updating, keeps the algorithm
from wandering into less-than-ideal regions. This procedure is expressed in Eq. (6),

Xi =
{
Xx1
i Gx1

i < Gi

Xi , else
(6)

where Xx1
i denotes novel status of i th pelican and Gx1

i signifies objective function value
depend upon phase.

3.3.5 Step 5: Exploitation phase

Pelicans refine their positions based on the best-known positions in the population. For
instance, if one pelican has the best position, other pelicans may move closer to it. It support
enhancing local search’s potential. Equation (7) represents the mathematical model for the
phase 2 solution,

xn−2
i = xi (a) + P.(1 − a/N ).(2.ran − 1)xi (a), (7)

where N implies maximum quantity of iterations, a implies current iteration and P implies
constant equal to 0.2. The new solution based on novel position is expressed as Eq. (8),

Xi =
{
Xx2
i Gx2

i < Gi

Xi , else
(8)

where Xx2
i implies prospective solution and Gx2

i refers objective function value.

3.3.6 Step 6: Termination

Each iteration allows the pelicans to improve their positions based on the feedback from
the objective function. The weight parameter of Ea and Eb from the ESA-CycleGAN are
optimized using POA, will iteratively repeat step 3 until fulfil the halting criteria x = x + 1.
The best position found during the search is considered the optimal solution. Finally, the
SDP-ESA-CycleGAN-POAmethod effectively predicts software defects with high accuracy
and low error rate.

3.4 Computational complexity

This subsection computes the computational complexity of SDP-ESA-CycleGAN-POA.
Here, O(N ) denotes computational complexity of algorithm initialization processes. Every
member of populace assesses the objective function in all iteration of both stages. Thus, O
(2 · T · N ) denotes computational complexity for the estimation of fitness function. The
provided prey is produced and assessed in every iteration. Let O(T ) + O(T · m) represents
computational complexity for prey generation, N populacemembers includingm dimensions
are updating in 2 phases. Here, computational complexity for solutions updation is denoted
as O(2 · T · N · m). The SDP-ESA-CycleGAN-POA whole computational complexity is
equivalent to O(N + T (1 + m) · (1 + 2 · N )).
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4 Results and discussion

The simulation outcomes of the SDP-ESA-CycleGAN-POA are discussed in this section.
The experiments are implemented in Windows laptop using Intel(R) Core(TM) i5-2410 M
processor, 6 GB of primary storage with 1 TB of secondary storage. The proposed method is
implemented in Python. The Python packages pandas, numpy, seaborn, matplotlib, sklearn
and pyswarm are used for constructing the machine learning predictor. The key algorithm
parameters used in the proposedmodel includes 100 population size, with maximum count of
iterations set to 100 and 30 runs per function. The population size as well as iterations count
strike a balance between thorough exploration and computational efficiency. The learning rate
is set at 0.01, which influences how themodel adjusts its weights. Additionally, a dropout rate
of 0.5 is applied, indicating that 50%of neurons are dropped during training to prevent overfit-
ting. The proposed SDP-ESA-CycleGAN-POAmethod is compared with other SDP-RF-LR
[24], SDP-OT-CNN [25], SDP-RF-SVM-ANN [26] and SDP-RBFNN-FS [27]models, these
are chosen for their diversity in methodologies, relevance and prominence in the field. These
models cover a broad range of approaches, from ensemble learning and probabilistic models
(SDP-RF-LR), to deep learning (SDP-OT-CNN) and kernel-based methods (SDP-RBFNN-
FS), providing a comprehensive backdrop for evaluating the proposed method. The selected
models are well established in the literature and have been widely used in previous studies for
software defect prediction. By comparing the proposed method against these benchmarks,
the paper provides a clear context for evaluating its performance.

4.1 Datasets

In thiswork, theCV-P-SC (cross-versionPROMISE source code) andCP-P-SC (cross-project
PROMISE source code) [31] datasets are selected for evaluating SWDP models due to their
suitability for SDP task. The datasets are sourced from the PROMISE repository is a widely
recognized platform for sharing datasets related to software engineering research.

CP-P-SC (Cross-project PROMISE source code): This dataset contains source code and
bug labels for multiple versions of each project. It is specifically designed for training and
evaluating SWDP models that can predict the probability of a software file being defective
in a different project. This cross-project prediction scenario is essential for assessing the
generalizability and transferability of SDP models across different software projects. By
testing models on projects, they have not been trained to evaluate performance of the models
for adapting adapt to new project contexts and identify defects effectively.

CV-P-SC (Cross-version PROMISE source code): Similar to the CP-P-SC dataset, the
CV-P-SC dataset includes source code and bug labels for multiple versions of each project.
However, it is tailored for cross-version SDP, where models are trained and evaluated to
predict the probability of a software file being defective in a novel version of the same
project. Cross-version prediction is essential for assessing the robustness and consistency of
SDP models over different iterations of the same software project. It helps in understanding
how well the models can maintain predictive performance as the software evolves and new
versions are released.

By utilizing both the CP-P-SC and CV-P-SC datasets, it is possible to comprehensively
evaluate SDP models in diverse scenarios, covering both cross-project and cross-version
prediction challenges. The PROMISE database is typically separated as 80% for training and
20% for testing to assure a feasible evaluation of the software defect prediction models. This
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division allows the methods to learn from a substantial portion of the data while reserving a
significant subset for testing their predictive capabilities on unseen instances.

4.2 Performancemetrics

The proficiency of the proposed approach is examined with the mentioned metrics. The
following confusion matrix is essential to assess these metrics.

• True Positive (T P): Count of predicted defective software modules
• True Negative (T N ): Count of properly predicted clean software modules.
• False Positive (FP): Count of clean software inaccurately forecasted as defective.
• False Negative (FN ): Count of defective software inaccurately forecasted as clean.

4.2.1 Accuracy

This computes the proportion of accurately predicted samples to total samples in the dataset.
This is calculated using Eq. (9),

Accuracy = (T P + T N )

(T P + FP + T N + FN )
(9)

4.2.2 Precision

Out of all the positive predictions made, this calculates the rate of true positive predictions
by Eq. (10),

Pr ecision = T P

(T P + FP)
(10)

4.2.3 Sensitivity

It calculates the ratio of true positives that accurately recognized by themethod usingEq. (11),

Sensi tivi t y = T P

T P + T N
(11)

4.2.4 Specificity

This computes the ratio of appropriately identified actual negatives using the model. It is
measured through Eq. (12),

Speci f ici t y = T N

T N + FP
(12)

4.2.5 F-Measure

This is the harmonic mean of precision as well as sensitivity. It is computed using Eq. (13),

F − measure = 2 × recall × precision

recall + precision
(13)
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4.2.6 Matthew’s correlation coefficient (MCC)

This is the amount of classifications quality and is determined using Eq. (14),

MCC = (T P × T N ) − (FP × FN )√
(T P + FP)(T P + FN )(T N + FP)(T N + FN )

(14)

4.3 Simulation analysis

Figures 5, 6, 7, 8, 9, 10, 11, 12 show the simulation result of SDP-ESA-CycleGAN-POA
method. The performance metrics are analysed with existing SDP-RF-LR, SDP-OT-CNN,
SDP-RF-SVM-ANN and SDP-RBFNN-FS methods.

Figure 5 depicts accuracy analysis. The proposed model’s edge characteristics and self-
attention processes enable it to recognize and convey complex relationships and patterns in
the data on software defects. The self-attention permits the proposed technique to focus on
relevant sections of input, improving feature representation, edge features draw attention to
structural elements. POA makes certain that the proposed approach attains more accuracy
in defect prediction tasks by adjusting biases and weights in response to optimization find-
ings. The proposed SDP-ESA-CycleGAN-POA method achieves 21.57%, 23.41%, 16.10%,
18.73%greater accuracy for buggy software and 17.43%, 35.87%, 19.59%and22.96%higher
accuracy for clean software when compare with the existing SDP-RF-LR, SDP-OT-CNN,
SDP-RF-SVM-ANN and SDP-RBFNN-FS models.

Figure 6 determines precision analysis. Self-attention processes enable the proposed
approach to balance the significance of diverse input data points when it is making pre-
dictions. This lets the proposed model concentrate on relevant features and filter out noise or
unimportant data, which is very helpful for defect prediction. The proposedmodel’s precision

Fig. 5 Accuracy analysis
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Fig. 6 Precision analysis

Fig. 7 Sensitivity analysis
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Fig. 8 F-measure analysis

Fig. 9 Specificity analysis

increases as it pay attention to important features, which leads to more precise predictions.
The proposed SDP-ESA-CycleGAN-POA method achieves 23.81%, 20.93%, 18.17% and
22.91%higher precision for buggy software and 18.27%, 30.04%, 26.37%and 17.09%higher
precision for clean software when compare with existing SDP-RF-LR, SDP-OT-CNN, SDP-
RF-SVM-ANN and SDP-RBFNN-FS models.

Figure 7 shows sensitivity analysis. The cycle consistency loss in the proposed model
guarantees a consistent and reversible transition between software states that are buggy
and clean. This transformational stability helps in preserving accuracy in defect iden-
tification while minimizing false positives. POA optimizes the parameters of proposed
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Fig. 10 RoC analysis

Fig. 11 MCC analysis

123

Downloaded from https://papernode.online/

https://ballisticcomainvitation.com/t2e548yr3v?key=403e8f291d0b160c8210d10a973a50a9


Enhanced software defect prediction using edge feature... Page 19 of 28    20 

Fig. 12 Computational complexity analysis

SDP-ESA-CycleGAN-POA model, potentially improving its ability to detect defects while
maintaining high sensitivity. The proposed SDP-ESA-CycleGAN-POA method achieves
19.34%, 22.91%, 20.26% and 29.28% higher sensitivity for buggy software and 25.20%,
17.98%, 20.39% and 27.62% higher sensitivity for clean software compared with existing
SDP-RF-LR, SDP-OT-CNN, SDP-RF-SVM-ANN and SDP-RBFNN-FS models.

Figure 8 depicts F-measure analysis. In the proposed model, incorporating ESA-
CycleGAN principles improves the model’s capability to learn and transfer features across
different distributions or domains of software data. POA optimizes the parameters of pro-
posed ESA-CycleGANmodel effectively. It adjusts the proposed model’s weights and biases
to minimize prediction errors and maximize accuracy in distinguishing between buggy
and clean software instances. The proposed SDP-ESA-CycleGAN-POA method achieves
23.17%, 19.95%, 28.32% and 16.58% higher F-measure for buggy software and 26.46%,
20.37%, 16.06% and 23.50% higher F-measure for clean software compared with existing
such as SDP-RF-LR, SDP-OT-CNN, SDP-RF-SVM-ANN and SDP-RBFNN-FS models.

Figure 9 shows specificity analysis. Here, POA balances exploration and exploitation dur-
ing optimization, which prevents the proposed technique from getting stuck in local minima
and ensures a global optimum for better defect prediction, which improves the specificity.
The proposed SDP-ESA-CycleGAN-POA method achieves 17.97%, 22.26%, 23.96% and
19.52% higher specificity for buggy software and 23.96%, 24.49%, 18.53% and 31.87%
higher specificity for clean software when compare with existing SDP-RF-LR, SDP-OT-
CNN, SDP-RF-SVM-ANN and SDP-RBFNN-FS techniques.

Figure 10 shows RoC analysis. The high RoC value for the proposed model is due to
effective edge feature extraction capturing key structural information, the self-attentionmech-
anism highlighting relevant features, CycleGAN generating high-quality synthetic data and
the pelican optimization algorithm efficiently tuning parameters for optimal performance.
The proposed SDP-ESA-CycleGAN-POA method achieves 20.84%, 25.98%, 16.70% and
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Table 1 Computational time and memory usage analysis

Methods Computation time (sec) Memory usage (MB)

SDP-RF-LR 349.4 524

SDP-OT-CNN 259.1 510

SDP-RF-SVM-ANN 386.5 472

SDP-RBFNN-FS 196 495

SDP-ESA-CycleGAN-POA (proposed) 93.86 438

30.45% higher RoC when compare with existing SDP-RF-LR, SDP-OT-CNN, SDP-RF-
SVM-ANN and SDP-RBFNN-FS models.

Figure 11 shows the MCC analysis. The cycle-consistent nature of CycleGANs ensures
that the transformations between buggy and clean software are consistent and understandable.
This transparency helps in validating the proposed model’s predictions. The self-attention
mechanism in the ESA-CycleGAN enables the technique to assign importance to different
parts of the input, making it easier to interpret which features contribute most significantly
to defect prediction. The proposed SDP-ESA-CycleGAN-POA method achieves 19.42%,
20.67%, 24.92% and 19.52% higher MCC for buggy software and 26.76%, 20.92%, 30.92%
and 23.54% higher MCC for clean software when compare with existing SDP-RF-LR, SDP-
OT-CNN, SDP-RF-SVM-ANN and SDP-RBFNN-FS models.

Table 1 shows computation time and memory usage analysis. The hyperparameters of
ESA-CycleGAN are optimized using POA, which fine-tunes the network to function effec-
tively by reducing unnecessary computations and speeding up the training process. The
combination of edge features and self-attention mechanisms leads to a network archi-
tecture that is both compact and powerful. This result in reduced computational time
and memory usage of the proposed model compared to more complex models. The pro-
posed SDP-ESA-CycleGAN-POA method achieves 16.90%, 21.92%, 19.06% and 27.51%
lower computational time and 20.04%, 17.47%, 23.28% and 29.24% lower memory usage
when compared with existing SDP-RF-LR, SDP-OT-CNN, SDP-RF-SVM-ANN and SDP-
RBFNN-FS models.

Figure 12 depicts computational complexity analysis. The analysis indicates that the SDP-
ESA-CycleGAN-POA method demonstrates a linear improvement in CPU operation time
and memory usage. This indicates that the computational resources used by the proposed
model scale more effectively than those of the current models as the size of the input data
increases. The reduced computational complexity implies that the SDP-ESA-CycleGAN-
POA model is effective in terms of accuracy and precision and manageable in terms of
resource consumption. The linear improvement in computational complexity displays that
the SDP-ESA-CycleGAN-POAmethod is scalable. This analysis shows the proposed model
can be trained more quickly and deployed more efficiently.

Table 2 tabulates the benchmark table with literature support. The simulation results
demonstrate from Table 1 that the SDP-ESA-CycleGAN-POA achieves 21.57%, 23.41%,
16.10%, 18.73%,24.39%, 24.36% and 19.13% higher accuracy with existing models, like
Mehmood, et al. [24], Balasubramaniam [25], Ali, et al. [26], Alkhasawneh [27], Rajnish,
et al. [28], Parashar, et al. [29] and Manchala [30] models. The SDP-ESA-CycleGAN-POA
achieves 23.81%, 20.93%, 18.17%, 22.91%, 12.37%, 30.78% and 24.16% greater precision
with existing methods, like Mehmood, et al., [24], Balasubramaniam, [25], Ali, et al., [26],
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Table 3 Comparative analysis using Bug prediction dataset

Methods Accuracy
(%)

Precision
(%)

Specificity
(%)

Computational time
(sec)

SDP-RF-LR 67.62 64.41 68.04 355.04

SDP-OT-CNN 83.41 56.27 60.97 362.57

SDP-RF-SVM-ANN 64.38 72.63 82.91 390.24

SDP-RBFNN-FS 73.67 65.37 67.41 384.64

SDP-ESA-CycleGAN-POA
(proposed)

99.23 99.10 98.74 98.36

Alkhasawneh, [27], Rajnish, et.al. [28], Parashar, et.al. [29] and Manchala [30] respectively.
The SDP-ESA-CycleGAN-POA attains 17.97%, 22.26%, 23.96%, 19.52%, 23.16%, 26.97%
and 21.30% greater specificity with existing models, like Mehmood, et al., [24], Balasubra-
maniam [25], Ali, et al., [26], Alkhasawneh, [27], Rajnish, et al., [28], Parashar, et al., [29]
and Manchala, [30] methods.

4.4 Comparative analysis using bug prediction dataset

This segment offers a comprehensive comparative analysis of variousmachine learningmeth-
ods applied to SDP using a bug prediction dataset [32]. The evaluation focuses on themetrics,
like accuracy, precision, specificity and computational time.

Table 3 displays the comparative analysis using Bug prediction dataset. The SDP-ESA-
CycleGAN-POA achieves the highest performance for accuracy of 99.23%, precision of
99.10%and specificity of 98.74%,while also having the lowest computational time of 98.36 s.
Other methods, such as SDP-RF-LR and SDP-OT-CNN, exhibit lower accuracy and preci-
sion, and relatively higher computational times, indicating that the proposed model offers
both superior prediction performance and efficiency in comparison to the other models.

4.5 Statistical test

In the statistical analysis, the Wilcoxon signed-rank along Cliff’s δ test is utilized for dis-
playing the importance of performance difference among the proposed and other techniques.
The nonparametric Wilcoxon signed-rank test is a statistical hypothesis test. The proposed
study uses ρ-value to validate whether performance difference of the model is statistically
significant at 0.05 significance level. Cliff’s δ is used in the experiment to determine the
amount of variance in the models’ prediction presentation. The dimension of variance is
separated as 4 levels. In summary, if ρ-value is lesser than 0.05 as well as Cliff’s δ is higher
or equivalent to 0.145 this is an important variance in performance estimation of techniques.
Table 4 tabulates the Cliff’s δ values along its effective levels.

Table 5 shows the comparison outcomes of Wilcoxon signed-rank test and Cliff’s delta.
The proposed SDP-ESA-CycleGAN-POA has the smallest p-value (0.023) and the highest
effect size (0.34), suggesting it performs better compared to the other models, which have
lower effect sizes, such as 0.21 for SDP-RF-LR and 0.12 for SDP-RF-SVM-ANN.

ANOVA (analysis of variance) is a statistical method determines whether there are any
significant variations among the means of three or more groups. It helps to test if the observed
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Table 4 Cliff’s δ along its
effective levels Cliff’s δ Effective levels

|δ| < 0.145 Negligible

0.145 ≤ |δ| < 0.33 Small

0.33 ≤ |δ| < 0.472 Medium

0.472 ≤ |δ| Large

Table 5 Comparison outcomes of Wilcoxon signed-rank test and Cliff’s delta

Model Wilcoxon signed-rank test (p-value) Cliff’s delta (Effect
Size)

SDP-RF-LR 0.045 0.21

SDP-OT-CNN 0.078 0.18

SDP-RF-SVM-ANN 0.091 0.12

SDP-RBFNN-FS 0.087 0.15

SDP-ESA-CycleGAN-POA (proposed) 0.023 0.34

Table 6 ANOVA

Source of
variation

Sum of Squares
(SS)

Degrees of
freedom (df)

Mean square
(MS)

F-statistic p-value

Between
groups

30.5 2 15.25 5.67 0.012

Within
groups

54.0 27 2.00

Total 84.5 29

variation in a dataset can be attributed to the independent variable being tested or if it is due
to random chance.

Table 6 shows the ANOVA. The F-statistic of 5.67 specifies howmuch the between-group
variance is compared to the within-group variance, and the p-value of 0.012 suggests that
the differences between groups are statistically significant at a 5% significance level. This
implies that the factors being tested, such as different software models, have a significant
effect on the defect prediction performance.

4.6 Discussion

This paper highlights the significance of software defect prediction in identifying defects
that can cause serious issues during software usage. Traditionally, defect prediction methods
have primarily focused on the structural aspects of code, often supervising the semantic
features inherent in software. Software defect prediction using ESA-CycleGAN with POA
seeks to bridge this gap by using advanced techniques that can capture the subtleties of
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code semantics. ESA-CycleGAN with its ability to analyse abstract syntax tree (AS-Tree)
tokens and extract essential features provide a promising avenue for enhancing SDP accuracy.
The incorporation of ESA-CycleGAN principles allows the model to effectively learn and
transfer features across different distributions of software data. This capability enhances the
proposed methods capacity to generalize from training data to unseen cases. The use of
the POA optimizes the method’s parameters, adjusting weights including biases to diminish
prediction errors. This fine-tuning process is essential for improving the proposed model’s
accuracy in distinguishing between buggy and clean software instances.

The experimental outcomes on the open-source PROMISE dataset determines the superi-
ority of the SDP-ESA-CycleGAN-POAmethod, with substantial improvements in accuracy,
sensitivity, specificity and computational efficiency compared to the existing methods, like
SDP-RF-LR, SDP-OT-CNN, SDP-RF-SVM-ANN and SDP-RBFNN-FS. The SDP-ESA-
CycleGAN-POA technique shows significant improvements in sensitivity for buggy software
detection (up to 47.87% higher) and clean software detection (up to 56.46% higher) evaluated
with existing techniques. In F-measure, the SDP-ESA-CycleGAN-POA technique achieves
notable improvements for both buggy and clean software detection evaluated with SDP-
RF-LR, SDP-OT-CNN, SDP-RF-SVM-ANN and SDP-RBFNN-FS methods. This enhanced
accuracy in defect prediction can help software developers identify problematic areas within
the code base more efficiently and accurately. These outcomes indicate that the proposed
SDP-ESA-CycleGAN-POA technique is effective in improving the performance of SDP
techniques.

While the proposed method shows promising results it also has several limitations. The
performance of the SDP-ESA-CycleGAN-POAmodel may differ when it is used with differ-
ent datasets or in other industrial settings. As the complexity of software systems increases,
understanding the proposedmodel’s decision-making process becomes essential for trust and
adoption in industry settings.

5 Threats to validity

The results of this investigation are impacted by several dangers. The threats to validity
internal and external are discussed. The choice ofmeasures is utilized as predictors associated
with an internal threat. There are numerous metrics defined in the literature. Though the
proposed method used the metrics that are available from the chosen datasets, other metrics
are the better indicator of faults.

One of the primary concerns in any predictive modelling study is the ability to general-
ize results across different datasets. The proposed model’s performance is evaluated using
PROMISE database. However, this dataset may not capture the full diversity of software
projects, coding practices and defect types encountered in real-world applications. As a result,
the model’s effectiveness may vary when applied to different datasets or in different contexts.
For instance, software developed in different programming languages or frameworks may
exhibit distinct defect patterns that the model has not been trained on, leading to reduced
predictive accuracy. The robustness of the SDP-ESA-CycleGAN-POA model in large-scale,
real-world applications is another critical consideration. While the model may perform well
on the datasets used for training and testing, its performance in a production environment
with large volumes of data and varying software architectures may differ significantly. The
data quality, noise and dynamic nature of software development can introduce challenges
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that are not present in the controlled experimental settings. The model’s ability to adapt to
these changes and maintain high performance is essential for its practical applicability.

The development of the proposed model involves complex algorithms and coding prac-
tices. Despite efforts to minimize coding errors, there is always a risk of bugs or inaccuracies
in the implementation that could affect the performance of the method. Rigorous testing and
validation against benchmark datasets are essential to assure the dependability of the method.
The data analysis process itself can introduce external threats to validity. If themodel is trained
on biased or low-quality data, the predictions may not be reliable. Additionally, the method’s
performance is influenced by the specific features selected for analysis.

6 Conclusion

In this manuscript, the proposed SDP-ESA-CycleGAN-POAwas successfully implemented.
The manuscript proposes SDP-ESA-CycleGAN-POA as a novel approach for software
defect prediction, leveraging advanced techniques such as ESA-CycleGAN and POA to
enhance accuracy and efficiency. The performance metrics demonstrated the robustness and
superiority of SDP-ESA-CycleGAN-POAover the existingmodels. The proposedSDP-ESA-
CycleGAN-POA method attains 17.97%, 22.26%, 23.96% and 19.52% higher specificity
when compared with the existing SDP-RF-LR, SDP-OT-CNN, SDP-RF-SVM-ANN and
SDP-RBFNN-FSmodels. Future work could focus on adapting the proposedmodel to handle
larger and more complex datasets. Conducting case studies in real-world software develop-
ment environments would provide valuable insights into the practical applicability of the
model and also explore methods such as attention mechanisms and feature visualization to
enhance the interpretability of the proposed model.
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