
Article Not peer-reviewed version

A Hybrid Evolutionary Fuzzy Ensemble

Approach for Accurate Software Defect

Prediction

Raghunath Dey , Jayashree Piri , Biswaranjan Acharya * , Pragyan Paramita Das , Vassilis C. Gerogiannis * ,

Andreas Kanavos

Posted Date: 5 March 2025

doi: 10.20944/preprints202503.0259.v1

Keywords: Software Defect Prediction; Feature Selection; Binary Multi-Objective Optimization; Starfish

Optimization Algorithm; Fuzzy Ensemble Learning; Choquet Integral; Machine Learning; Artificial Neural

Networks; Heuristic Algorithms; Software Metrics

Preprints.org is a free multidisciplinary platform providing preprint service

that is dedicated to making early versions of research outputs permanently

available and citable. Preprints posted at Preprints.org appear in Web of

Science, Crossref, Google Scholar, Scilit, Europe PMC.

Copyright: This open access article is published under a Creative Commons CC BY 4.0

license, which permit the free download, distribution, and reuse, provided that the author

and preprint are cited in any reuse.

https://sciprofiles.com/profile/4020862
https://sciprofiles.com/profile/4020816
https://sciprofiles.com/profile/2348596
https://sciprofiles.com/profile/4020876
https://sciprofiles.com/profile/392360
https://sciprofiles.com/profile/227248


Article

A Hybrid Evolutionary Fuzzy Ensemble Approach for
Accurate Software Defect Prediction
Raghunath Dey 1, Jayashree Piri 2, Biswaranjan Acharya 3,*, Pragyan Paramita Das 2, Vassilis C.
Gerogiannis 4,* and Andreas Kanavos 5

1 School of Computer Engineering, KIIT University, Bhubaneswar, Odisha, India
2 Department of CSE, Silicon University, Bhubaneswar, Odisha, India
3 Department of Computer Engineering AI, Marwadi University, Rajkot, India
4 Department of Digital Systems, University of Thessaly, Larissa, Greece
5 Department of Informatics, Ionian University, Corfu, Greece
* Correspondence: biswaranjan.acharya@marwadieducation.edu.in (B.A.); vgerogian@uth.gr (V.C.G.)

Abstract: Software defect prediction aims to identify defect-prone modules before testing, reducing
costs and duration. Machine learning (ML) techniques are widely used to develop predictive models for
classifying defective software components. However, high-dimensional training datasets often degrade
classification accuracy and precision due to irrelevant or redundant features. To address this, effective
feature selection is crucial, but it poses an NP-hard challenge that can be efficiently tackled using
heuristic algorithms. This study introduces a Binary Multi-Objective Starfish Optimizer (BMOSFO) for
optimal feature selection, enhancing classification accuracy and precision. The proposed BMOSFO
balances two conflicting objectives: minimizing the number of selected features and maximizing
classification performance. A Choquet Fuzzy Integral-based Ensemble Classifier is then employed
to further enhance prediction reliability by aggregating multiple classifiers. The effectiveness of the
proposed approach is validated using five real-world NASA benchmark datasets, demonstrating
superior performance compared to traditional classifiers. Experimental results reveal that key software
metrics—such as design complexity, operators and operands count, lines of code, and number of
branches—significantly influence defect prediction. The findings confirm that BMOSFO not only
reduces feature dimensionality but also enhances classification performance, providing a robust
and interpretable solution for software defect prediction. This approach shows strong potential for
generalization to other high-dimensional classification tasks.

Keywords: software defect prediction; feature selection; binary multi-objective optimization, starfish
optimization algorithm; fuzzy ensemble learning; choquet integral; machine learning; artificial neural
networks; heuristic algorithms; software metrics

1. Introduction
The presence of defects in software systems poses a significant challenge in modern software

engineering, affecting software reliability, maintainability, and security. Software defects can lead
to system failures, performance degradation, and increased operational costs, making their early
detection a critical aspect of software quality assurance. As software complexity increases, the need for
effective Software Defect Prediction (SDP) becomes more pressing. SDP aims to identify defect-prone
software modules before testing and deployment, allowing developers to focus their efforts on these
areas, thereby optimizing resource allocation and improving software quality [1,2].

Traditional defect detection methods, such as manual code reviews and testing, are often time-
consuming, expensive, and prone to human error, especially in large-scale software projects [3].
Consequently, automated defect prediction techniques have gained significant attention, particularly
those leveraging Machine Learning (ML) models. However, despite the promising results achieved by
ML-based approaches, several challenges remain unresolved.
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A critical issue is the high dimensionality of defect datasets, where numerous software met-
rics—such as complexity measures, lines of code, and structural properties—introduce redundancy
and noise, leading to reduced classification performance [4,5]. Feature selection plays a key role in
mitigating this problem by eliminating irrelevant and redundant features, thereby improving clas-
sification accuracy and generalizability. However, feature selection is an NP-hard problem, making
exhaustive search methods impractical for large-scale datasets. To address this, evolutionary optimiza-
tion algorithms have emerged as a promising solution, effectively identifying the most informative
features for software defect prediction while reducing computational overhead.

Additionally, existing SDP approaches are often limited by their reliance on individual classi-
fiers, which may suffer from overfitting and instability when trained on imbalanced defect datasets.
Ensemble learning addresses this limitation by combining multiple classifiers to improve predictive
performance. However, traditional ensemble techniques typically assume classifier independence
and rely on simple aggregation methods, such as majority voting or averaging, which fail to account
for interactions among classifiers. This can lead to suboptimal prediction accuracy, especially when
classifiers exhibit correlated errors. Consequently, there is a need for advanced aggregation methods
that can optimally fuse the outputs of multiple classifiers while considering their interdependencies.

To address these challenges, this study proposes a novel hybrid evolutionary fuzzy ensemble
approach for software defect prediction. The proposed framework integrates two key components:

1. Binary Multi-Objective Starfish Optimizer (BMOSFO) for Feature Selection: A binary multi-
objective version of the Starfish Optimizer (BMOSFO) is introduced for feature selection, ensuring
that only the most relevant software metrics are considered, improving classification performance.
BMOSFO leverages the unique behaviors of starfish, such as regeneration and multidimensional
movement, to balance exploration and exploitation in high-dimensional feature spaces. This
enables effective navigation of complex feature subsets, achieving superior convergence speed
and computational efficiency compared to conventional evolutionary algorithms.

2. Choquet Fuzzy Integral-based Ensemble Classification: To enhance classification accuracy, a
Choquet Fuzzy Integral-based Ensemble Classifier is developed. Unlike traditional ensemble
methods that assume classifier independence, the Choquet Integral considers interactions among
classifiers, enabling more informed decision fusion. By optimally aggregating multiple machine
learning models, including K-Nearest Neighbors (KNN) [6], Support Vector Machines (SVM) [7,8],
Decision Trees (DT) [9], Logistic Regression (LR) [10], Random Forest (RF) [11,12], Gaussian
Naive Bayes (GNB) [13,14], and Artificial Neural Networks (ANN) [15–17], the Choquet Integral
enhances defect prediction reliability by accounting for the interdependencies among classifiers.

The key contributions of this study are:

• Introduction of BMOSFO for Feature Selection: BMOSFO is designed to efficiently reduce
feature dimensionality while maintaining high classification accuracy. It achieves this by balancing
exploration and exploitation through unidimensional and five-dimensional search mechanisms,
inspired by starfish regeneration and movement behaviors.

• Advanced Ensemble Classification: A Choquet Fuzzy Integral-based Ensemble Classifier is
developed to optimally aggregate multiple ML models. By leveraging the Choquet Integral’s
ability to account for interactions among classifiers, the ensemble method enhances prediction
accuracy and robustness [18].

• Comprehensive Evaluation on Real-World Datasets: The proposed approach is rigorously
evaluated on five real-world benchmark datasets, demonstrating superior performance compared
to traditional feature selection and classification methods.

• Insightful Feature Impact Analysis: An in-depth analysis of the most impactful software metrics,
including design complexity, number of operators and operands, development time, lines of
code, commented lines, number of branches, and operand sum, is conducted to highlight their
significance in defect prediction.
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The proposed framework addresses the limitations of conventional defect prediction models
by integrating evolutionary optimization and fuzzy ensemble learning, contributing to improved
accuracy and interpretability in software defect classification. The approach not only enhances defect
prediction performance but also provides actionable insights into the impact of key software metrics,
facilitating more reliable software quality assurance practices.

The remainder of this paper is structured as follows. Section 2 presents a comprehensive review
of related work on predictive modeling for software defect detection. Section 3 details the proposed
methodology, including dataset descriptions, the Starfish Optimizer, the BMOSFO algorithm, and
the functioning of the Choquet Fuzzy Integral-based ensemble classification. Section 4 describes
the experimental setup, evaluation metrics, and benchmark techniques. Section 5 discusses the
experimental findings, including an in-depth analysis of model performance and feature selection
impact. Section 6 summarizes the study’s key findings, discusses limitations, and outlines potential
future research directions in predictive modeling for software defect detection.

2. Related Work
This section provides an overview of related research in the area of software defect prediction,

categorized into four primary approaches: (1) Machine Learning (ML)-based defect prediction, (2)
Deep Learning (DL)-based approaches, (3) Evolutionary Algorithms, and (4) Ensemble Methods.
Each category contributes to advancing defect prediction models by addressing challenges related to
accuracy, feature selection, and model stability. This section critically analyzes key studies within these
categories, highlighting their strengths, limitations, and the research gaps that motivate the proposed
hybrid evolutionary fuzzy ensemble approach.

2.1. Machine Learning Approaches for Software Defect Prediction

Several studies have explored the use of machine learning models for software defect prediction.
In [19], a tree-boosting algorithm (XGBoost) was employed to predict software defects using module
features that are easily computable. A model sampling strategy was proposed to enhance explainability
while maintaining predictive performance. A cloud-based architecture was developed in [20] to
facilitate real-time software defect detection, incorporating four backpropagation training algorithms
along with a fuzzy layer to optimize training function selection. Experimental results demonstrated
the effectiveness of Bayesian regularization and scaled conjugate gradient methods in improving
prediction accuracy.

Efforts have also been made to improve classification performance using hybrid approaches.
A technique combining K-means clustering, classification models, and particle swarm optimization
(PSO) was introduced in [21], demonstrating that SVM and its enhanced variant achieved the highest
accuracy. Similarly, a meta-heuristic feature selection model utilizing random forest (RF), SVM, and
PSO was evaluated in [22], where it was shown that feature dimensionality could be reduced by 75.15%
while maintaining high classification accuracy. The impact of kernel functions on SVM-based defect
prediction was analyzed in [23], where results indicated that utilizing the top 40% of selected features
led to significant improvements in classification efficacy.

Traditional ML models often suffer from high-dimensional input spaces that introduce noise and
redundancy, affecting classifier performance. In [7], different feature selection methods, including
filter-based, wrapper-based, and hybrid approaches, were analyzed to determine their impact on
classifier accuracy. Results showed that hybrid methods combining filter and wrapper techniques
yielded the most significant performance gains. Another work [8] explored multi-objective feature
selection techniques, demonstrating that optimization-based feature selection could further improve
classification robustness while reducing computation time.

Although ML models have shown promising results, their performance is often hindered by the
high dimensionality and redundancy of software metrics. This highlights the need for effective feature
selection techniques, motivating the development of advanced evolutionary algorithms, as explored in
this study.
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2.2. Deep Learning Approaches for Software Defect Prediction

Deep learning techniques have gained attention for their ability to extract complex feature repre-
sentations from software repositories. A neural network-based framework was introduced in [24] to
predict software defects, achieving an 8% increase in squared correlation coefficient and a 14% reduc-
tion in mean square error compared to previous methods. Challenges related to context complexity
and data scarcity in DL-based defect prediction were discussed in [25], where self-supervised training
and Transformer-based architectures were suggested to enhance code comprehension and reduce
labeled data dependency.

To improve software defect detection, a gated hierarchical long short-term memory (GH-LSTM)
network was proposed in [26], leveraging hierarchical LSTM networks for extracting semantic fea-
tures from abstract syntax trees (ASTs). Similarly, a BERT-based semantic feature extraction method
combined with bidirectional long short-term memory (BiLSTM) networks was explored in [27]. Data
augmentation techniques were employed to enhance training, leading to superior performance across
ten open-source projects. A meta-analysis of 102 peer-reviewed studies on deep learning-based defect
prediction was conducted in [28], emphasizing the need for replication packages, diverse software
artifacts, and data augmentation to improve generalizability.

Recent studies have further examined the applicability of pre-trained deep learning models for
software defect detection. Transformer-based architectures, including BERT and CodeBERT, have been
evaluated for their ability to extract meaningful representations of code artifacts. Another study [17]
focused on the integration of graph neural networks (GNNs) with deep learning models, leveraging
software dependency graphs to improve feature learning for defect prediction.

Despite their superior feature extraction capabilities, DL models are challenged by data scarcity
and context complexity in defect prediction tasks. This study addresses these limitations by integrating
DL with fuzzy ensemble methods to enhance generalization and robustness.

2.3. Evolutionary Algorithms for Software Defect Prediction

Evolutionary computation techniques have been widely applied to enhance software defect pre-
diction. In [29], a hybrid method combining genetic algorithms (GA), SVM, and PSO was implemented
across 24 datasets, including NASA MDP and Java open-source repositories. The results showed
improved classification performance on both small and large datasets. A supervised differential
evolution-based approach (DEJIT) was introduced in [30] for just-in-time software defect prediction
(JIT-SDP), leading to substantial improvements in effort-aware prediction.

Further advancements have focused on optimizing evolutionary search strategies. In [31], a
hybrid model combining the sparrow search algorithm (SSA) with PSO (SSA-PSO) was designed to
accelerate convergence and improve classification accuracy. The Genetic Evolution (GeEv) framework
was introduced in [32] to enhance feature selection diversity by evolving random offspring with higher
survival potential. Similarly, a novel three-parent genetic evolution method (3PcGE) was proposed
in [33], demonstrating superior classification performance compared to conventional wrapper and
filter-based feature selection methods.

Recently, hybrid evolutionary approaches have been explored to optimize defect prediction
models further. In [18], a parametric evolutionary technique was applied to dynamically adjust
hyperparameters in defect prediction models. The study highlighted the advantages of adaptive
evolutionary strategies over static parameter tuning, demonstrating improved model generalization
and efficiency.

While existing evolutionary algorithms improve feature selection, they often suffer from slow
convergence and premature stagnation. This motivates the introduction of BMOSFO, which leverages
multidimensional search strategies inspired by starfish regeneration to enhance convergence speed
and exploration capabilities.
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2.4. Ensemble Approaches for Software Defect Prediction

Ensemble learning has been widely adopted in software defect prediction due to its ability to
enhance classification accuracy by combining multiple models. Bagging, boosting, and stacking have
been shown to mitigate overfitting while improving prediction robustness [34–36]. In [37], an ensemble
multiple kernel correlation alignment (EMKCA) method was introduced for heterogeneous defect
prediction. The approach applied kernel classifiers to transform the data distribution and address class
imbalance, outperforming benchmark methods across 30 datasets.

A comparative evaluation of deep learning and machine learning models for defect classification
was conducted in [38], where ensemble techniques, including bagging, boosting, and stacking, achieved
superior predictive performance compared to standalone classifiers. In [39], a two-stage ensemble
model was developed, integrating random forest (RF), support vector machines (SVM), Gaussian
Naive Bayes (GNB), and artificial neural networks (ANN), with final predictions determined using a
voting ensemble. Similarly, a hybrid SMOTE-Ensemble method was introduced in [40], employing
bagging, RF, and AdaBoost to enhance classification performance in imbalanced datasets.

Additional advancements in ensemble learning include the use of principal component analysis
(PCA) for feature selection, as demonstrated in [41]. A framework integrating PCA with ensemble
classifiers showed that bagging achieved the highest classification accuracy of 91.49%, with feature
reduction leading to an additional 0.6% increase in performance. An ensemble learning strategy
combining KNN, RF, and ANN was proposed in [42], demonstrating superior performance over
individual classifiers.

Although ensemble learning enhances classification accuracy, traditional methods assume clas-
sifier independence, leading to suboptimal aggregation when classifiers exhibit correlated errors.
The Choquet Fuzzy Integral addresses this by modeling interdependencies, enabling more informed
decision fusion, as explored in this study.

In summary, while significant progress has been made in ML, DL, evolutionary, and ensemble
approaches for software defect prediction, challenges related to feature selection, classifier interde-
pendencies, and generalization remain unresolved. This study addresses these gaps by introducing
a hybrid evolutionary fuzzy ensemble approach, leveraging BMOSFO for multi-objective feature
selection and the Choquet Fuzzy Integral for advanced ensemble classification.

3. Proposed Hybrid Model for Software Defect Prediction
This section presents the proposed software defect prediction model, which integrates machine

learning classifiers with Binary Multi-Objective Starfish Optimization (BMOSFO) for feature selection.
The BMOSFO algorithm is employed to identify the most relevant software defect features, improving
classification accuracy and computational efficiency. The machine learning models used in this study
include Artificial Neural Networks (ANN), Decision Trees (DT), Random Forest (RF), K-Nearest
Neighbors (KNN), Naive Bayes (NB), Logistic Regression (LR), and Support Vector Machines (SVM).
Furthermore, an ensemble classifier based on the Choquet Fuzzy Integral is applied to aggregate
predictions and enhance defect classification performance.

The integration of BMOSFO for feature selection with the Choquet Fuzzy Integral-based ensemble
classification presents a novel approach in software defect prediction. This combination leverages
the exploration-exploitation balance of BMOSFO and the interdependency modeling capability of the
Choquet Integral, leading to improved classification accuracy and interpretability. This innovative
hybridization addresses the limitations of traditional defect prediction models by simultaneously
optimizing feature relevance and classifier interaction, making it a robust solution for complex software
datasets.

Figure 1 illustrates the workflow of the proposed software defect prediction framework. The
system follows a structured pipeline: (1) Dataset acquisition, (2) Preprocessing, (3) Feature selection
using BMOSFO, (4) Model training and classification using multiple ML classifiers, (5) Calculation of
fuzzy membership values, and (6) Final prediction aggregation via the Choquet Integral.
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Figure 1. Optimization and Feature Selection Workflow in BMOSFO.

Each feature in the dataset is represented as a binary feature vector in BMOSFO, ranging from
F0 to F20, as shown in Figure 2. If a feature’s associated bit is 1, it is retained in the training process;
otherwise, it is removed. The BMOSFO algorithm optimizes feature selection by minimizing the
number of selected features while ensuring high classification accuracy. The fitness function is
designed to balance model simplicity and error minimization, progressively refining the selected
feature set to reduce classification errors.

Figure 2. Population Initialization.

The datasets used in this study were obtained from the NASA repository [43], which has been
publicly available since 2005. These datasets include software metrics such as branch count, Halstead’s
complexity measures, McCabe’s cyclomatic complexity, and various line-of-code criteria. Table 1
summarizes the datasets, while Table 2 provides an overview of the features used in this investigation.
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Table 1. Description of NASA Datasets.

Dataset Programming
Language

#Modules % Defected
Models

Description

JM1 C 13,204 16% Software written in C, using
Halstead and McCabe metrics
for defect prediction.

KC1 C++ 2,109 15.4% Storage management software
handling ground data.

PC1 C 1,109 6.8% Flight software from an earth-
orbiting satellite.

KC2 C++ 522 20% Science data processing soft-
ware.

CM1 C 498 9.7% NASA spacecraft instrument
data processing.

The NASA datasets are particularly relevant for software defect prediction due to their high
dimensionality, class imbalance, and noise levels, which present significant challenges for conven-
tional machine learning models. These datasets contain complex software metrics such as cyclomatic
complexity and Halstead measures, making them ideal for evaluating the effectiveness of the pro-
posed BMOSFO feature selection and Choquet Fuzzy Integral-based ensemble classification. By
testing the proposed model on these real-world datasets, this study demonstrates the robustness and
generalizability of the approach in handling complex defect prediction scenarios.

Table 2. Features Present in NASA Datasets.

SNO Features
1 McCabe Metrics Line count of code
2 Cyclomatic complexity
3 Essential complexity
4 Design complexity
5 Halstead Metrics Total operators + operands
6 Volume
7 Program length
8 Difficulty
9 Intelligence
10 Effort
11 Number of Delivered Bugs
12 Time estimator
13 Line count
14 Count of lines of comments
15 Count of blank lines
16 Lines containing both code and comments
17 Unique operators
18 Unique operands
19 Total operators
20 Total operands
21 Branch count of the flow graph
22 Number of defects

The proposed model employs multi-objective optimization to balance feature selection efficiency
and predictive accuracy. BMOSFO integrates swarm intelligence techniques with multi-objective
search mechanisms to optimize the classifier’s performance. Inspired by starfish movement patterns,
BMOSFO incorporates exploratory and exploitative search strategies, enabling robust selection of
relevant defect prediction features while minimizing computational overhead.

This section elaborates on the advantages of BMOSFO in software defect classification, detailing
how binary optimization techniques enhance feature selection while maintaining model interpretability.
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Additionally, modifications for handling binary search spaces are introduced, ensuring compatibility
with real-world software defect datasets.

3.1. Starfish Optimization Algorithm: Exploration and Exploitation Mechanisms

Metaheuristic algorithms often face the challenge of balancing exploration (global search capabil-
ity) and exploitation (local search refinement). Effective optimization requires achieving an optimal
trade-off between these two phases to prevent premature convergence to suboptimal solutions. As
metaheuristic strategies rely on randomized search mechanisms, they do not guarantee optimal so-
lutions for every problem. This principle is emphasized by the No-Free-Lunch (NFL) theorem [44],
which suggests that no single optimization algorithm can outperform all others across all problem
domains. Consequently, the development of adaptive and problem-specific metaheuristic techniques
remains an active research area.

In this study, the Starfish Optimization Algorithm (SFOA) [45] is employed as a foundation for
feature selection in the proposed Binary Multi-Objective Starfish Optimization (BMOSFO) framework.
The biological inspiration for SFOA is drawn from the movement, hunting, and regenerative abilities
of starfish. Starfish, also known as sea stars, comprise over 2,000 species globally, typically exhibiting
a five-arm radial symmetry extending from a central disk. Some species, however, possess seven or
more arms, with certain variations exceeding ten [46]. The average lifespan of starfish ranges from ten
to thirty-five years, depending on environmental conditions and species characteristics.

Figure 3 illustrates the biological attributes of starfish that serve as the foundation for SFOA.
Figures 3 (a) and (b) showcase the body structure of different starfish species, highlighting their
characteristic symmetry. Figure 3 (c) represents the reproductive behavior of starfish, which inspires
the regeneration mechanism in the optimization algorithm. Lastly, Figure 3 (d) depicts starfish prey
interactions, which influence the algorithm’s preying strategy in the exploitation phase.

Figure 3. Starfish Biological Characteristics: (a, b) body structure, (c) reproduction behavior, and (d) prey
interaction [45]
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The exploration phase of SFOA mimics the foraging behavior of starfish, while exploitation is
modeled through preying and regeneration strategies. SFOA utilizes a hybrid search mechanism that
incorporates:

• A five-dimensional search (L > 5), inspired by the five arms of a starfish, for diverse exploration.
• A one-dimensional search (L ≤ 5) to improve convergence when feature space is smaller.

The optimization process of SFOA consists of three key stages:

• Initialization: At the beginning of the optimization process, starfish positions are randomly
generated within the predefined design space, formulated as:

X =



x11 x12 . . . x1L

x21 x22 . . . x2L

x31 x32 . . . x3L
...

...
. . .

...
xN1 xN2 . . . xNL


(1)

where N is the population size, L is the number of design variables, and the initial positions are
computed as:

xij = lowj + random(upperj − lowj), i = 1, 2, . . . , N, j = 1, 2, . . . , L. (2)

The fitness score of each starfish is evaluated based on the objective function, enabling an adaptive
search process.

• Exploration: SFOA employs different strategies based on the problem’s dimensionality:

– For L > 5, a five-dimensional search is used for large-scale optimization.
– For L ≤ 5, a one-dimensional search is applied for improved local refinement.

The position update rule in the exploration phase is formulated as:

Xt+1
i,p =

Xt
i,p + a(Xt

best,p − Xt
i,p) cos θ, if rn ≤ 0.5,

Xt
i,p + a(Xt

best,p − Xt
i,p) sin θ, if rn > 0.5.

(3)

where rn is a random number ϵ(0, 1), and Xt+1
i,p , Xt

i,p, and Xt
best,p represent the calculated, current,

and best positions, respectively. The parameters a and θ are given by:

a = (2r − 1)π, θ =
π

2
· t

tmax
. (4)

If the revised location is outside the margins of the design parameters, the arms are more likely to
remain in the previous position rather than migrate. The exploration phase updates the position
using the unidimensional search pattern if L ≤ 5. In this case, a starfish utilizes position data
from others to move a single arm toward the food source:

Xt+1
i,p = EtXt

i,p + a1(Xt
k1,p − Xt

i,p) + a2(Xt
k2,p − Xt

i,p), (5)

where Xt
k1,p and Xt

k2,p are randomly selected p-dimensional locations from two starfish, a1 and a2

are random numbers ϵ(−1, 1), and Et is computed as:

Et =
tmax − t

tmax
cos θ. (6)

• Exploitation: The exploitation phase includes hunting and regeneration strategies. The position
of starfish is updated based on the best location:

dn = Xt
best − Xt

np , n = 1, 2, . . . , 5. (7)
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The new position is computed using:

Xt+1
i = Xt

i + rn1dn1 + rn2dn2. (8)

where rn1 and rn2 are random values in (0,1), and dn1, dn2 are randomly chosen distances.
Additionally, in the regeneration phase, if a starfish sacrifices an arm to avoid predators, the
location is updated using:

Xt+1
i = exp

(
−t × N

tmax

)
Xt

i . (9)

The final update ensures values remain within bounds:

Xt+1
i =


Xt+1

i , if lowi ≤ Xt+1
i ≤ upperi,

lowi, if Xt+1
i < lowi,

upperi, if Xt+1
i > upperi.

(10)

3.2. BMOSFO: A Binary Multi-Objective Starfish Optimization Approach for Feature Selection

The proposed BMOSFO framework consists of three main phases: initialization, exploration,
and exploitation. Unlike conventional optimization strategies, BMOSFO executes exploration and
exploitation in parallel, with fitness scores computed at each iteration following positional updates.
Upon convergence, the algorithm outputs both the best global solution and the convergence curve.

Figure 4 illustrates the workflow of BMOSFO, depicting the key decision points and the transition
between exploration and exploitation phases. The framework ensures that non-dominated solutions
are maintained in an external buffer, leveraging multi-objective selection to balance feature relevance
and classification accuracy.

Figure 4. Workflow of the Proposed BMOSFO for Feature Selection

The BMOSFO optimization process is structured as follows:
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• Step 1: Population Initialization. The BMOSFO framework initializes a population of N starfish,
each representing a candidate feature subset. Each starfish is encoded as a binary vector of
length L, where L corresponds to the total number of features in the dataset. A value of 1
denotes the inclusion of a feature, whereas 0 indicates its exclusion. Figure 2 illustrates the binary
representation of the starfish population.

• Step 2: Starfish Evaluation. Feature selection is modeled as a multi-objective binary optimization
problem in this study. Each starfish is evaluated based on two objective functions, formulated as:

Obj_function1(X) =
L

∑
i=1

Xi, ∀i, where Xi = 1. (11)

The first objective function quantifies the number of selected features within a given subset.
Subsequently, a reduced dataset is generated, retaining only the features corresponding to indices
where Xi = 1. The second objective function computes the classification accuracy of a K-Nearest
Neighbors (KNN) classifier, acting as a wrapper-based feature selection metric:

Obj_function2(X) =
# correct predictions of each class

# total cases
. (12)

• Step 3: Preserving Non-Dominated Solutions. Unlike single-objective optimization, multi-
objective algorithms generate Pareto-optimal solutions at each iteration. These solutions are
stored in an external buffer, ensuring that superior candidates are retained. The external buffer
undergoes screening in subsequent iterations, discarding solutions that are dominated by newly
discovered candidates. If a new solution is non-dominated, it replaces the most crowded buffer
element based on Crowding Distance (CD) [47].

• Step 4: Starfish Position Update. BMOSFO dynamically alternates between exploration and
exploitation phases based on a control parameter G = 0.5 and a randomly generated value rn in
the range (0, 1). The following rules govern the transition:

– If rn > G, the exploration phase is executed:

* If L > 5, locations are updated using Equation 3.

* If L ≤ 5, locations are updated using Equation 5.

– If rn ≤ G, the exploitation phase is executed:

* Positions are updated using Equation 8.

* At i = N, regeneration occurs via Equation 9.

Boundary conditions are checked using Equation 10, and final updates are applied to the binary
domain via a sigmoid transfer function:

T(x) =
1

1 + e−2x . (13)

The final binary update is performed as [48]:

XL(t+1)
i =

¬XL
i (t), if rnd < T(∆XL

i (t + 1))

XL
i (t), otherwise.

(14)

where rnd is a random number ∈ [0, 1], X represents the starfish’s location, L denotes the
dimension, t is the current iteration, ¬ denotes negation and T(x) is the transfer function.

• Step 5: Computational Complexity of BMOSFO. The computational complexity of BMOSFO
depends on the number of samples N, the number of features L, and the total iterations tmax. The
total complexity is formulated as:

O(BMOSFO) = O(N log N) + tmax × [O(N) or O(N × L) + O(N log N)] + O(1). (15)
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The overall complexity is composed of several components:

– Initialization Complexity: Initializing the population requires O(N × L).
– Fitness Evaluation Complexity: Evaluating two objective functions takes O(N × L)+O(N ×

L).
– Non-Dominated Solution Filtering: Using the dominance tree method requires O(2 ×

N log N) [49].
– External Buffer Management: Crowding Distance (CD) sorting in the external buffer requires

O(2 × N log N) [47].
– Exploration Complexity: The starfish position update depends on whether L > 5 or L ≤ 5:

* For L > 5: O( 1
2 × tmax × N × 5) ≈ O(N).

* For L ≤ 5: O( 1
2 × tmax × N × 1) ≈ O(N).

– Exploitation Complexity: Exploitation requires O( 1
2 × tmax × N × L) ≈ O(NL).

– Final Buffer Update Complexity: The final update in each iteration takes:

tmax × [2 × O(N × L) + 2 × 2 × O(N log N)] ≈ O(N log N). (16)

Therefore, the total computational complexity of BMOSFO-based feature selection is:

O(BMOSFO) = O(N log N) + tmax ×
[

O(N) or O(N × L) + O(N log N)

]
+ O(1)

≈ O(N log N).
(17)

The optimized feature set obtained through BMOSFO directly impacts the classification perfor-
mance by eliminating irrelevant and redundant features, thereby reducing noise and enhancing model
generalizability. By focusing on the most relevant software metrics, BMOSFO not only improves
classification accuracy but also enhances computational efficiency. The selected features are then used
to train multiple classifiers, ensuring that the models are trained on the most informative attributes,
ultimately leading to more reliable defect prediction outcomes.

3.2.1. Proposed BMOSFO Algorithm

The complete feature selection procedure, from initialization to selecting the best feature subsets
based on crowding distance, is formalized in Algorithm 1. By balancing these competing objectives,
BMOSFO ensures that non-dominated solutions are effectively discovered in terms of feature count
and classification accuracy.

After optimizing the feature set using BMOSFO, the selected features are used to train a diverse set
of machine learning classifiers. To further enhance predictive performance and robustness, an ensemble
approach based on the Choquet Fuzzy Integral is employed. This ensemble method effectively
aggregates classifier outputs by modeling their interdependencies, enabling more accurate defect
classification.

3.3. Choquet Fuzzy Integral-Based Ensemble Classification

The proposed ensemble classification method employs the Choquet fuzzy integral to aggregate
the outputs of multiple classifiers, enhancing prediction reliability and robustness. The classification
process follows these steps:

• The dataset is initially divided into training and testing sets.
• The training set is further split into training and validation subsets.
• The fuzzy measure values F are calculated based on the classifier weights w1, w2, . . . , wn.
• The confidence scores of the individual classifiers are combined using the Choquet integral [50].

The fuzzy measure value Fi for the ith classifier is computed as:
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Algorithm 1 BMOSFO Algorithm
Input: Algorithm parameters N, tmax, G
Output: Optimized feature set stored in external buffer.

1: Initialize a population of N starfishes randomly, as shown in Figure 2.
2: Evaluate each starfish using the objective functions presented above.
3: Store the optimal Pareto solutions in an external buffer.
4: for t = 1 to tmax do
5: Generate a random number rn uniformly distributed in [0, 1].
6: if rn > G then
7: Calculate θ and Et using Equations 4 and 6, respectively.
8: for each starfish do
9: if L > 5 then

10: Update the starfish location using Equation 3.
11: else
12: Select a random index p.
13: Update the p-index of the starfish position using Equation 5.
14: end if
15: Check boundary conditions.
16: end for
17: else
18: for each starfish do
19: Update the position using Equation 8.
20: if t = N then
21: Perform the position update using Equation 9.
22: end if
23: Check boundary conditions.
24: end for
25: end if
26: Apply the sigmoid transfer function (Equation 13) and update using Equation 14 to convert

positions to binary.
27: Recalculate objective values.
28: Update the external buffer with new Pareto-optimal solutions.
29: end for
30: Return the best solution from the buffer based on crowding distance (CD).

Fi =
wi

w1 + w2 + · · ·+ wn
. (18)

This ensures that the fuzzy measure values are normalized and sum up to 1, preserving relative
classifier importance.

Let xij denote the confidence score of the jth class predicted by the ith classifier. The fuzzy
confidence score for each class j is computed using:

g(bi) = g(xij) =
wi

w1 + w2 + · · ·+ wn
. (19)

To determine the remaining fuzzy measure values for the classifier combination, the following
equation is applied recursively:

g(dl , do) = g(dl) + g(do) + λg(dl)g(do), (20)

where 1 ≤ l, o ≤ n, and λ is a parameter that ensures the monotonicity of the fuzzy measure.
Here, λ represents the interaction strength between classifiers, regulating the non-additivity of the
Choquet integral and its value is computed as:

1 + λ =
n

∏
i=1

(g(di)λ + 1). (21)
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3.3.1. Prediction Score Computation

After training, the classifiers C1, C2, C3, . . . , Cn generate prediction scores for each test sample.
These scores are then aggregated using the Choquet integral, which computes the final class-wise
prediction scores. The Choquet integral is applied as follows:

Choquetg(a1, a2, . . . , an) = a∗ng(Ln) + (an−1 − an)g(Ln−1) + · · ·+ (a1 − a2)g(L1), (22)

where Li represents a subset defined as:

Li = {d1, d2, . . . , di}, 1 ≤ i ≤ n. (23)

For example:

• If i = 1, then L1 = {d1}.
• If i = 3, then L3 = {d1, d2, d3}.

The values a1, a2, . . . , an represent the prediction scores sorted in descending order such that:

a1 ≥ a2 ≥ a3 ≥ · · · ≥ an. (24)

3.3.2. Final Classification Decision

For each test sample, the Choquet integral computes an aggregated prediction score for every
class. The final classification decision is made by selecting the class with the highest Choquet integral
value:

ŷ = arg max
j

Choquetg(x1j, x2j, . . . , xnj). (25)

Unlike simple averaging, the Choquet integral effectively models dependencies among classifiers,
preventing over-reliance on any single weak learner.

By leveraging the Choquet fuzzy integral, this ensemble approach effectively models classifier
dependencies, accounting for the interactions between classifiers rather than treating them as indepen-
dent entities. This methodology enhances classification performance, especially in imbalanced and
uncertain environments.

4. Experimental Setup, Feature Selection Benchmarking, and Methodology
Validation

This section evaluates the proposed software defect prediction model by comparing its per-
formance against standard machine learning classifiers and other multi-objective feature selection
techniques. Initially, software defect prediction is performed using machine learning models (KNN,
SVM, DT, RF, LR, GNB, ANN, and Fuzzy Ensemble) without feature selection. Next, BMOSFO is
applied to select the most relevant defect features, followed by classification. The performance of both
approaches is compared.

The experimental workflow follows a systematic approach to evaluate the effectiveness of the
proposed BMOSFO model. The steps are as follows:

1. Perform software defect prediction using standard machine learning classifiers without feature
selection to establish baseline performance.

2. Apply BMOSFO for feature selection to identify the most relevant defect features.
3. Train and evaluate the classifiers using the selected features to measure the impact of BMOSFO

on classification accuracy and computational efficiency.
4. Benchmark BMOSFO against MOGA and MOGWO to assess the effectiveness of feature selection

in optimizing classification performance and reducing feature dimensionality.
5. Compare the classification metrics and hypervolume values to determine the superiority of

BMOSFO over existing methods.
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This systematic evaluation provides a comprehensive comparison of the proposed approach
against traditional classifiers and state-of-the-art multi-objective optimization algorithms.

The experiments are conducted using Python 3.7 on a Windows 10 machine with an Intel Core i3-
7020U CPU (2.30 GHz, 4.00 GB RAM). While relatively modest in computing power, this setup ensures
that BMOSFO remains computationally feasible for real-world defect prediction tasks without requiring
specialized high-performance hardware. The proposed BMOSFO is benchmarked against Multi-
objective Genetic Algorithm (MOGA) [51] and Multi-objective Gray Wolf Optimization (MOGWO) [52].
The hyperparameters of BMOSFO, MOGA, and MOGWO are detailed in Table 3.

Table 3. Parameter Settings for Feature Selection Algorithms.

Parameters BMOSFO MOGA MOGWO
Iterations 50 50 50
Population Size 100 100 100
Repository Size 50 50 50
Crossover Rate N/A 0.8 N/A
Mutation Rate N/A 0.05 N/A

MOGA and MOGWO were selected as benchmark algorithms due to their established effective-
ness in multi-objective feature selection tasks. MOGA leverages crossover and mutation mechanisms
to explore the solution space, whereas MOGWO simulates the social hierarchy and hunting behavior
of gray wolves to balance exploration and exploitation. These diverse search strategies make them
suitable benchmarks for evaluating the performance of BMOSFO in optimizing both feature reduction
and classification accuracy.

Both MOGA and MOGWO have been widely applied in software defect prediction and feature
selection due to their effective exploration and exploitation capabilities. Their ability to optimize
conflicting objectives, such as maximizing classification accuracy while minimizing feature count,
makes them relevant benchmarks for evaluating BMOSFO’s performance in the software defect
prediction domain.

4.1. Performance Evaluation Metrics

The effectiveness of the proposed BMOSFO model is evaluated using four key classification
metrics: Accuracy, Precision, Recall, and F1-Score. These metrics assess classification performance
based on correctly identified defect-prone modules.

Accuracy measures the proportion of correctly classified instances:

Accuracy =
TP + TN

TP + TN + FP + FN
. (26)

A higher accuracy value indicates a better-performing model.
Precision quantifies the proportion of correctly identified defective modules among all predicted

defect-prone modules:

Precision =
TP

TP + FP
. (27)

High precision reduces the risk of false positives in defect prediction.
Recall (Sensitivity) measures the proportion of actual defective modules correctly classified:

Recall =
TP

TP + FN
. (28)

A high recall value ensures that most defect-prone modules are detected.
F1-Score is the harmonic mean of precision and recall, providing a balanced assessment of classifier

performance:
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F1-Score = 2 × Precision × Recall
Precision + Recall

. (29)

The F1-Score is particularly useful when dealing with imbalanced datasets where false positives
and false negatives need careful evaluation.

4.2. Pareto Front Evaluation Using Hypervolume (HV)

To further assess the Pareto optimality of feature selection, we compute the Hypervolume
(HV) [47], which measures the dominance of non-dominated solutions in the objective space. The HV
indicator evaluates how well the obtained Pareto front covers the solution space while optimizing both
classification accuracy and feature reduction.

Hypervolume (HV) is chosen as the primary metric for evaluating Pareto optimality due to its
ability to measure both convergence and diversity of the Pareto front. Unlike Generational Distance
(GD), which only measures convergence, or Spread, which focuses solely on diversity, HV provides
a comprehensive evaluation by quantifying the volume of the objective space dominated by non-
dominated solutions. This ensures a balanced trade-off between feature reduction and classification
accuracy, making HV particularly suitable for assessing multi-objective feature selection techniques.

HV is defined as the volume of the objective space enclosed between a reference point and the
Pareto-optimal solutions. A higher HV value indicates a better-distributed and more optimal Pareto
front, meaning that the feature selection process has effectively balanced competing objectives.

HV = vol

 P⋃
i=1

[
f1(xi), f2(xi)

], (30)

where P is the set of non-dominated solutions, f1(xi) represents classification accuracy and f2(xi)

represents the number of selected features.
The Hypervolume analysis provides a quantitative measure of the superiority of BMOSFO over

MOGA and MOGWO, ensuring a well-balanced trade-off between feature reduction and classification
accuracy.

5. Results and Analysis
This section presents the classification results and analytical insights of the proposed software

defect prediction model. It is divided into three subsections: the first discusses the classification results
before feature selection, the second analyzes the outcomes of the proposed BMOSFO feature selection
method, and the third compares the classification results of NASA datasets before and after feature
selection. Feature selection plays a crucial role in enhancing classification performance by eliminating
irrelevant features, thereby reducing overfitting risks and improving model generalization.

5.1. Classification Results Before Feature Selection

This subsection examines the classification performance of various machine learning models on
five NASA datasets before applying feature selection. The models evaluated include KNN, SVM, DT,
RF, LR, GNB, ANN, and the Choquet fuzzy ensemble approach. All 21 features were utilized in their
raw form, without any feature selection or reduction.

5.1.1. JM1 Dataset

The JM1 dataset contains 13,204 instances and 21 attributes, with 9,242 records in the training set
and 3,962 in the test set. Table 4 presents the classification results before feature selection for various
machine learning models.
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Table 4. Performance Metrics of Classifiers on JM1 Dataset Before Feature Selection.

Classifiers Accuracy Precision Recall F1-Score
KNN 0.81 0.86 0.92 0.89
SVM 0.84 0.84 0.99 0.91
DT 0.75 0.81 0.85 0.82
RF 0.84 0.84 0.99 0.91
LR 0.84 0.84 1.00 0.91

GNB 0.83 0.85 0.96 0.90
ANN 0.76 0.81 0.86 0.83

Fuzzy Ensemble 0.90 0.91 0.97 0.93

Compared to the individual classifiers, the fuzzy ensemble approach achieved the highest accuracy
(0.90) and precision (0.91), representing a 6% and 7% increase, respectively, over the best-performing
models (SVM, RF, and LR). This highlights the ensemble’s effectiveness in aggregating diverse classi-
fiers to enhance prediction reliability and generalization. The findings support the notion that ensemble
methods can reduce overfitting risks in complex defect prediction tasks.

5.1.2. KC1 Dataset

The KC1 dataset consists of 2,109 instances and 21 features, with 1,476 records for training and
633 for testing. Table 5 provides the classification results before feature selection.

Table 5. Performance Metrics of Classifiers on KC1 Dataset Before Feature Selection.

Classifiers Accuracy Precision Recall F1-Score
KNN 0.84 0.89 0.92 0.91
SVM 0.87 0.88 0.99 0.93
DT 0.77 0.89 0.85 0.87
RF 0.86 0.89 0.95 0.92
LR 0.87 0.89 0.97 0.93

GNB 0.83 0.90 0.91 0.90
ANN 0.85 0.85 0.97 0.90

Fuzzy Ensemble 0.90 0.93 0.99 0.95

The fuzzy ensemble method consistently outperformed the individual classifiers, achieving the
highest accuracy (0.90) and precision (0.93), reflecting a 3% improvement in accuracy compared to the
best individual models (SVM and LR). These results underscore the ensemble’s capability to enhance
defect prediction reliability by effectively combining multiple models, thus mitigating classifier-specific
weaknesses.

5.1.3. PC1 Dataset

The PC1 dataset consists of 1,109 instances and 21 attributes, with 776 records in the training set
and 333 in the test set. Table 6 shows the classification results before feature selection.

Table 6. Performance Metrics of Classifiers on PC1 Dataset Before Feature Selection.

Classifiers Accuracy Precision Recall F1-Score
KNN 0.93 0.94 0.99 0.96
SVM 0.94 0.94 1 0.97
DT 0.87 0.96 0.90 0.93
RF 0.94 0.94 1 0.97
LR 0.94 0.94 0.99 0.97

GNB 0.89 0.95 0.93 0.94
ANN 0.86 0.86 0.90 0.87

Fuzzy Ensemble 0.96 0.96 1 0.98
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The fuzzy ensemble method demonstrated its effectiveness by achieving the highest accuracy
(0.96) and precision (0.96), a 2% increase in accuracy compared to the top-performing individual models
(SVM and RF). This illustrates the ensemble’s capability to leverage classifier diversity, improving
classification reliability and reducing overfitting risks.

5.1.4. KC2 Dataset

The KC2 dataset consists of 522 instances and 21 attributes, with 365 records in the training set
and 157 in the test set. Table 7 shows the classification results before feature selection.

Table 7. Performance Metrics of Classifiers on KC2 Dataset Before Feature Selection.

Classifiers Accuracy Precision Recall F1-Score
KNN 0.79 0.83 0.92 0.87
SVM 0.80 0.81 0.98 0.89
DT 0.75 0.80 0.92 0.85
RF 0.82 0.82 0.98 0.89
LR 0.82 0.81 0.99 0.89

GNB 0.84 0.85 0.97 0.91
ANN 0.78 0.82 0.90 0.85

Fuzzy Ensemble 0.85 0.89 0.97 0.93

The fuzzy ensemble method effectively leveraged classifier diversity, achieving the highest
accuracy (0.85), precision (0.89), and F1-Score (0.93). This represents a 1% increase in accuracy and a
4% increase in precision compared to the best-performing individual classifier (GNB). These results
demonstrate the ensemble’s robustness in enhancing classification reliability and reducing overfitting
risks by aggregating diverse models.

Overall, the fuzzy ensemble method consistently outperformed individual classifiers across all
datasets, highlighting its robustness in aggregating diverse models for enhanced defect prediction.
These baseline results establish a reference point for assessing the effectiveness of BMOSFO in en-
hancing classification performance. By comparing the raw performance of classifiers without feature
selection, the subsequent improvements achieved through BMOSFO can be more precisely quantified.
This comparison is crucial for validating the impact of optimized feature selection on defect prediction
accuracy and generalization.

5.1.5. CM1 Dataset

The CM1 dataset consists of 498 instances and 21 features, with 348 records in the training set and
150 in the test set. Table 8 presents the classification results before feature selection.

Table 8. Performance Metrics of Classifiers on CM1 Dataset Before Feature Selection.

Classifiers Accuracy Precision Recall F1-Score
KNN 0.91 0.91 1 0.95
SVM 0.84 0.91 0.93 0.91
DT 0.84 0.94 0.89 0.91
RF 0.91 0.91 1 0.95
LR 0.92 0.92 1.00 0.92

GNB 0.88 0.93 0.94 0.93
ANN 0.88 0.88 0.97 0.91

Fuzzy Ensemble 0.93 0.93 1 0.96

Among all classifiers, the fuzzy ensemble method demonstrated the most consistent performance,
achieving the highest accuracy (0.93) and F1-Score (0.96). This represents a 1% increase in accuracy
compared to the best-performing individual classifier (LR). The results validate the ensemble’s capabil-
ity to enhance classification reliability and generalization by effectively combining diverse models,
thus mitigating classifier-specific limitations.
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5.2. Performance Analysis of the Proposed BMOSFO for Feature Selection

This subsection discusses the effectiveness of the proposed Binary Multi-Objective Starfish Opti-
mizer (BMOSFO) for feature selection in software defect prediction across five NASA datasets. The
BMOSFO was designed to optimize two conflicting objectives: minimizing the number of selected
features and maximizing classification accuracy. To evaluate its performance, BMOSFO is compared
against two widely used multi-objective feature selection methods: MOGA and MOGWO.

5.2.1. Analysis of Pareto Fronts

The non-dominated solutions obtained by BMOSFO, MOGA, and MOGWO are represented as
Pareto fronts, demonstrating the trade-offs between the number of selected features and classification
accuracy. Figure 5 visualizes these Pareto fronts for each of the five datasets. The number of features
and the corresponding classification accuracy obtained by the KNN classifier are indicated in square
brackets above each Pareto curve.

Figure 5. Pareto Fronts of BMOSFO, MOGA, and MOGWO for Feature Selection.

The results indicate that BMOSFO consistently outperforms MOGA and MOGWO across all
datasets. The Pareto fronts generated by BMOSFO are positioned higher than those of the other two
methods, illustrating its capability to achieve better accuracy with fewer features. This suggests that
BMOSFO provides a more optimal balance between feature reduction and classification performance.
The superior Pareto fronts achieved by BMOSFO demonstrate its capability to maintain a better
trade-off between classification accuracy and feature reduction. This can be attributed to BMOSFO’s
dynamic exploration-exploitation balance, which adapts to the complexity of the search space. Unlike
MOGA and MOGWO, BMOSFO effectively avoids premature convergence by maintaining diversity
in the population, leading to more robust non-dominated solutions.
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To quantify the quality of the Pareto fronts, the hypervolume metric is used as a multi-objective
performance measure. Table 9 presents the hypervolume values for the Pareto fronts generated by
BMOSFO, MOGA, and MOGWO across the five datasets. Higher hypervolume values indicate better
convergence and diversity of solutions.

Table 9. HyperVolume Values of Pareto Fronts for Feature Selection.

Datasets MOGA MOGWO BMOSFO
JM1 0.21 0.28 0.30
KC1 0.29 0.22 0.37
PC1 0.28 0.19 0.40
KC2 0.20 0.22 0.34
CM1 0.17 0.22 0.36

The hypervolume results clearly show that BMOSFO outperforms MOGA and MOGWO in all
datasets, achieving the highest hypervolume values. This confirms that BMOSFO generates Pareto
solutions that are closer to the true Pareto front, indicating better trade-offs between feature reduction
and classification accuracy.

The consistently higher hypervolume values for BMOSFO indicate its superior capability to
maintain well-distributed and convergent Pareto solutions. This reflects BMOSFO’s effectiveness in
achieving a balanced trade-off between maximizing classification accuracy and minimizing the number
of selected features. The higher hypervolume scores also suggest that BMOSFO generates solutions
that are closer to the true Pareto front, confirming its robustness in multi-objective optimization for
feature selection.

The superior Pareto fronts achieved by BMOSFO can be attributed to its balanced exploration
and exploitation strategies, which effectively navigate the search space for optimal feature subsets.
By dynamically adjusting its search mechanism, BMOSFO maintains a well-distributed Pareto front,
demonstrating its ability to achieve higher accuracy with fewer features compared to MOGA and
MOGWO.

5.2.2. Impact of Feature Selection on Classification Accuracy

To determine the most representative solution from the Pareto fronts, a Crowding Distance (CD)
metric is used to select the most distinctive solution. Table 10 shows the number of features selected
versus classification accuracy for the best solutions obtained by BMOSFO, MOGA, and MOGWO.

Table 10. Number of Selected Features vs. Classification Accuracy.

Datasets MOGA MOGWO BMOSFO

JM1 [16, 0.83] [16, 0.83] [12, 0.84]

KC1 [9, 0.85] [8, 0.84] [7, 0.85]

PC1 [3, 0.84] [14, 0.92] [8, 0.94]

KC2 [6, 0.79] [7, 0.85] [7, 0.92]

CM1 [9, 0.91] [12, 0.90] [7, 0.92]

åBMOSFO demonstrates its effectiveness by consistently achieving higher accuracy with fewer
features compared to MOGA and MOGWO. This efficiency is attributed to its strategic selection of
relevant features, which reduces noise and enhances model generalization. Notably, BMOSFO achieves
an average feature reduction of 43% across all datasets, leading to an average accuracy improvement of
5%. This significant reduction in dimensionality while maintaining or enhancing accuracy underscores
BMOSFO’s capability to optimize classification performance with minimal feature input. Specifically:
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• In the JM1 dataset, BMOSFO selects 12 features and achieves an accuracy of 0.84, outperforming
MOGA and MOGWO with 16 features.

• For the KC2 and CM1 datasets, BMOSFO achieves significant accuracy improvements of 13%
(from 0.79 to 0.92) and 11% (from 0.81 to 0.92) by selecting only 7 out of 21 features.

• In the PC1 dataset, BMOSFO achieves the highest accuracy (0.94) with 8 features, surpassing
MOGA and MOGWO, which require more features for comparable performance.

5.2.3. Analysis of Selected Features

Table 11 lists the features selected by BMOSFO for each dataset. The analysis reveals that the
selected features are relevant to defect prediction, contributing to higher classification accuracy.

Table 11. Selected Features by BMOSFO for Each Dataset.

Dataset Selected Features
JM1 Cyclomatic complexity, Essential complexity, Operators + Operands (McCabe),

volume, difficulty, Time to write program, Line count, Count of lines of com-
ments Count of blank lines, unique operands (Halstead), Total operators, Num-
ber of branches in flow graph

KC1 Halstead total Operators + Operands, McCabe Design Complexity, Branch
Count, total Operand, McCabe Design Complexity, Halstead Program Length,
Number of Unique operators

PC1 McCabe “design complexity”, Halstead “difficulty”, Branch Count, Halstead
“Number of Delivered Bugs”, Halstead’s time estimator: time to write a pro-
gram, Total Number of operators + operands, McCabe Design Complexity,
Halstead Program Length

KC2 McCabe “design complexity”, Operators + Operands, volume, Halstead “dif-
ficulty”, Effort: Halstead effort to write program, Halstead’s time estimator:
time to write a program, Count of lines which contain both code and comments

CM1 McCabe "cyclomatic complexity”, McCabe "essential complexity”, McCabe "de-
sign complexity”, Halstead "program length”, Halstead "difficulty”, Halstead’s
line count, branchCount of the flow graph

The results highlight that BMOSFO effectively selects features related to code complexity, design
structure, and maintainability, which are crucial factors influencing software defect prediction. The
findings emphasize BMOSFO’s capability to balance feature reduction with high classification accuracy,
making it a robust choice for multi-objective feature selection.

The selected features consistently include complexity metrics such as cyclomatic complexity,
essential complexity, and Halstead measures, highlighting their strong correlation with defect-prone
modules. These metrics capture critical aspects of code complexity, maintainability, and design quality,
which significantly influence software defects. BMOSFO’s ability to prioritize these impactful features
demonstrates its effectiveness in enhancing classification accuracy by focusing on the most relevant
software metrics.

5.3. Discussion on the Classification Results After FS

This subsection analyzes the impact of feature selection using the proposed Binary Multi-Objective
Starfish Optimizer (BMOSFO) on classification performance across five NASA datasets: JM1, KC1,
PC1, KC2, and CM1. Relevant features identified by BMOSFO were used to create reduced datasets, as
listed in Table 11. Multiple classifiers (KNN, SVM, DT, RF, LR, GNB, ANN, and the Choquet fuzzy
ensemble) were evaluated on the reduced datasets. Figures 6 to 10 compare the classification results
before (BFS) and after feature selection (AFS).

5.3.1. JM1 Dataset

The JM1 dataset contains 13,204 instances and 21 attributes. Figure 6 presents the classification
results before and after feature selection for various models.
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Figure 6. Impact of Feature Selection on Classification Performance on JM1 Dataset.

After feature selection, the accuracy and precision values increased for all classifiers. The most
notable improvements were observed in DT and ANN, whose accuracy values rose by 5% and 4%
respectively. The fuzzy ensemble method maintained the highest accuracy and precision, achieving an
accuracy of 0.95 and a precision of 0.94, representing a 4% improvement compared to the BFS results.
These findings demonstrate that BMOSFO effectively identified the most relevant features, leading to
enhanced classification reliability and generalization.

5.3.2. KC1 Dataset

The KC1 dataset consists of 2,109 instances and 21 features. Figure 7 provides the classification
results before and after feature selection.

Figure 7. Impact of Feature Selection on Classification Performance on KC1 Dataset.

The accuracy values improved by up to 4% for several classifiers. DT and ANN showed the most
significant gains, increasing by 4% and 3% respectively. The fuzzy ensemble method achieved the
highest recall (0.99) and F1-Score (0.97), indicating a balanced performance in precision and recall.
These results demonstrate the effectiveness of BMOSFO in enhancing defect prediction accuracy by
selecting the most relevant features.

5.3.3. PC1 Dataset

The PC1 dataset consists of 1,109 instances and 21 attributes. Figure 8 shows the classification
results before and after feature selection.
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Figure 8. Impact of Feature Selection on Classification Performance on PC1 Dataset.

Accuracy values increased for all classifiers except SVM and RF, which remained unchanged.
Notably, DT and ANN achieved accuracy improvements of 4% and 3% respectively. The fuzzy
ensemble method recorded the highest F1-Score (0.98) and recall (1.00), confirming its effectiveness
in aggregating diverse classifiers for robust defect prediction. The results validate the capability of
BMOSFO to enhance classification performance by optimizing feature selection.

5.3.4. KC2 Dataset

The KC2 dataset consists of 522 instances and 21 attributes. Figure 9 compares the classification
results before and after feature selection.

Figure 9. Impact of Feature Selection on Classification Performance on KC2 Dataset.

After feature selection, KNN and ANN exhibited remarkable accuracy improvements of 13% and
10% respectively. The fuzzy ensemble method delivered a balanced performance, achieving 5% higher
precision, 2% more recall, and a 3% improvement in F1-Score, albeit with 1% lower accuracy compared
to the BFS results. These findings highlight the superior capability of BMOSFO in selecting the most
relevant features for improved classification reliability.

5.3.5. CM1 Dataset

The CM1 dataset consists of 498 instances and 21 features. Figure 10 presents the classification
results before and after feature selection.
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Figure 10. Impact of Feature Selection on Classification Performance on CM1 Dataset.

BMOSFO enhanced accuracy for all classifiers except SVM and LR, with the latter maintaining
the same accuracy level. Notably, DT and ANN achieved accuracy gains of 4% and 3% respectively.
The fuzzy ensemble method demonstrated the most consistent performance, achieving the highest
F1-Score (0.96) and accuracy (0.93). These results underscore the effectiveness of BMOSFO in enhancing
classification performance by optimizing feature selection.

5.3.6. Discussion on Classification Improvements

The comparative analysis before and after feature selection demonstrates that the BMOSFO
method significantly enhances classification performance across all five datasets. The fuzzy ensemble
method consistently delivered the highest accuracy and F1-Scores, demonstrating its robustness in
aggregating diverse classifiers. The following key observations were made:

• Accuracy improvements ranged from 1% to 13%, with the most substantial gains observed for
KNN and ANN in the KC2 dataset.

• The fuzzy ensemble method exhibited consistent performance across all metrics, highlighting its
ability to leverage classifier diversity for improved generalization.

• DT and ANN showed remarkable accuracy enhancements, reflecting their adaptability to the
optimized feature sets generated by BMOSFO.

• SVM and LR maintained stable accuracy levels but showed minimal improvement, suggesting
their limited sensitivity to feature selection.

The consistent performance gains achieved through BMOSFO across all datasets validate its
robustness in optimizing feature selection for defect prediction. By effectively balancing feature
reduction and classification accuracy, BMOSFO not only enhances predictive performance but also
improves computational efficiency. These findings demonstrate the practicality of BMOSFO in real-
world software defect prediction scenarios, where high-dimensional data and class imbalance present
significant challenges.

6. Conclusions and Future Work
This study presents a novel approach to software defect prediction by developing a Binary Multi-

Objective Starfish Optimizer (BMOSFO) for feature selection. The primary objective was to enhance
the efficiency and effectiveness of fault predictors by selecting the most relevant features from NASA
datasets. By optimizing two conflicting objectives—minimizing the number of features and maximizing
classification accuracy—BMOSFO demonstrated superior performance compared to conventional
feature selection methods, including MOGA and MOGWO. The experimental evaluation on five NASA
datasets (JM1, KC1, PC1, KC2, and CM1) showed that BMOSFO consistently outperformed other
methods, achieving the highest hypervolume values and generating Pareto solutions closer to the
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true Pareto front. The selected features included critical metrics such as design complexity, total of
operators and operands, time to build the program, lines of code, number of lines with code and
comments, number of branches, and sum of operands. These features were strongly correlated with
defect-prone modules, highlighting their importance in enhancing software defect prediction.

By leveraging an ensemble approach based on the Choquet fuzzy integral, classification perfor-
mance was further improved. The fuzzy ensemble method effectively aggregated multiple predictive
models, enhancing interpretability and reliability while reducing overfitting risks. It consistently deliv-
ered the highest accuracy and F1-Scores across all datasets, validating its robustness in aggregating
diverse classifiers.

The main contributions of this study include the introduction of a novel Binary Multi-Objective
Starfish Optimizer (BMOSFO) for feature selection, designed to optimize conflicting objectives of
feature reduction and classification accuracy. Comparative analysis with state-of-the-art multi-objective
feature selection methods (MOGA and MOGWO) demonstrated the superior performance of BMOSFO
across five NASA datasets. The study also implemented a Choquet fuzzy integral-based ensemble
method, effectively aggregating diverse classifiers to enhance prediction reliability and generalization.
Additionally, it identified critical software metrics (e.g., design complexity, lines of code, operands and
operators) that are strongly correlated with defect-prone modules.

Although the proposed BMOSFO demonstrated superior performance in feature selection and
defect prediction, several limitations and potential avenues for future research have been identified.
This study focused on NASA datasets, which primarily consist of source code-related metrics. Future
research could explore the generalizability of BMOSFO to other software defect prediction datasets,
including those with architectural, design-level, or service-oriented metrics. The initial population of
BMOSFO was generated randomly. Incorporating advanced population initialization techniques, such
as knowledge-based or heuristic-guided initialization, could improve convergence speed and solution
diversity. While this study employed traditional machine learning classifiers, integrating BMOSFO
with deep learning models such as Convolutional Neural Networks (CNNs) and Long Short-Term
Memory (LSTM) networks could further enhance defect prediction accuracy.

Although the Choquet fuzzy integral demonstrated effectiveness, future research could investigate
alternative ensemble methods, including stacking, boosting, or bagging, to further improve prediction
performance. The robustness of BMOSFO suggests its potential applicability to other classification
tasks beyond software defect prediction. Future work could explore its cross-disciplinary resilience in
areas such as medical diagnosis, fraud detection, and financial risk prediction. The combination of
BMOSFO with other evolutionary or swarm intelligence algorithms (e.g., Genetic Algorithms, Particle
Swarm Optimization) could enhance its exploration and exploitation capabilities. Future studies could
also focus on enhancing the interpretability of the fuzzy ensemble method by employing explainable
artificial intelligence (XAI) techniques, thereby increasing stakeholder trust in the predictive models.

This study contributes to the field of software defect prediction by introducing an innovative
feature selection method, BMOSFO, and an effective ensemble approach based on the Choquet fuzzy
integral. The proposed model demonstrated significant improvements in classification accuracy,
generalization, and reliability, validating the effectiveness of multi-objective optimization in software
defect prediction. By optimizing feature selection and aggregating diverse classifiers, this study
provides a robust and interpretable solution for predicting software defects. The identified research
gaps and proposed future directions pave the way for further advancements in defect prediction,
feature selection, and ensemble learning methodologies.
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