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ABSTRACT

Spam detection is essential for maintaining secure and efficient email communication, as spam
messages not only reduce productivity but also pose risks such as phishing, scams, and mal-
ware. Effective spam detection improves user experience by filtering out irrelevant messages,
safeguarding against fraud, reducing server load, and lowering operational costs. This pa-
per proposes the Binary Seagull Optimization Algorithm (BSOA), a swarm intelligence-based
method inspired by seagull migration and hunting behaviors, as an optimizer for classifying
spam and non-spam emails using the Spambase dataset from the UCI Machine Learning Repos-
itory. BSOA begins by initializing positions and evaluating the objective function, then simu-
lates migration and attack behaviors to generate new candidate solutions, retaining the best
ones across iterations. Experimental results show that BSOA improves test accuracy by 1.4%
compared to standard Random Forest models, with corresponding gains in precision (1.4%), re-
call (2.3%), and F1-score (0.5%). Furthermore, BSOA demonstrates competitive performance
against other binary metaheuristics, including the Binary Bat, Binary Dragonfly, Binary Grav-
itational Search, and Binary Whale Optimization Algorithms. Notably, it achieves the lowest
computational times for multiple population sizes, such as 20 (630 s), 25 (760 s), and 40 (1297
s), highlighting its efficiency and robustness. These results suggest that BSOA is a promising
tool for enhancing spam detection systems by balancing classification accuracy with computa-
tional efficiency.

Keywords: random forest classifier; swarm intelligent; binary seagulls optimization algorithm;
feature selection

1. Introduction

Spam detection is crucial for several reasons (Hemalatha ef al. 2022). Spam emails not only
clutter users’ inboxes with irrelevant or unwanted messages, causing annoyance and reducing
productivity, but they also pose significant security risks (Hemalatha et al. 2022). Many spam
emails are designed to deceive users into disclosing personal information, making financial
transactions, or downloading malicious software (Aju & Joy 2022). Effective spam detection
helps reduce unwanted content by filtering out irrelevant or unwanted emails, improving user
productivity and reducing frustration (Das ef al. 2021). It also protects against fraud by blocking
phishing attempts, scams, and malware, safeguarding users from financial and security threats
(Jena et al. 2023; Kaddoura et al. 2022; Sonare et al. 2023). Moreover, it enhances email system
efficiency by saving storage space and reducing server load, leading to faster processing (Ghaleb
et al. 2022; Kumar et al. 2023). For businesses, spam detection saves on operational costs
and improves the overall user experience by ensuring that only legitimate emails are received
(Ghaleb et al. 2022; Jain et al. 2023).

However, detecting spam is a challenging task due to several factors. The methods used by
spammers to evade detection are constantly evolving. They often involve sophisticated tech-
niques such as obfuscation, randomization, and the use of misleading content. Furthermore, the
volume of spam emails is continually increasing, which can overwhelm traditional detection
systems. Effective spam detection systems must adapt quickly to these changes and accurately
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differentiate between legitimate and malicious content, making it a complex and ongoing chal-
lenge.

Previous studies have demonstrated that Random Forest outperforms other models in terms
of generalization performance. It also offers faster learning speed and ease of implementation.
Additionally, it does not require extensive parameter tuning during diagnostic tasks. Addi-
tionally, Random Forest is well-suited for handling high-dimensional data (Chaudhary et al.
2016), supports multi-class classification (Han et al. 2020), and is compatible with parallel pro-
cessing (Ao et al. 2019). Its robustness allows it to learn effectively, even when faced with
substantial data errors, while other algorithms tend to be significantly impacted by inaccura-
cies (Houssein ef al. 2021). Random Forest has also been shown to achieve better performance
and accuracy compared to models like Support Vector Machines (SVM), K-Nearest Neigh-
bors (KNN), and Linear Discriminant Analysis (LDA) in various datasets (Chen et al. 2020).
These characteristics make Random Forest an attractive option for spam detection, particularly
in high-dimensional and noisy email datasets. However, when used alone, Random Forest can
suffer from certain weaknesses. While it is generally robust to overfitting, it may struggle with
very high-dimensional feature spaces and a large number of irrelevant features (Malekipirbazari
et al. 2021). In such cases, its performance can degrade because it may focus on noise or irrele-
vant patterns, leading to suboptimal classification results. Additionally, Random Forest models
can be computationally expensive, especially when dealing with large datasets (Manzali et al.
2024), and they may lack interpretability due to the complexity of decision trees and ensemble
methods.

In spam detection, feature selection plays a pivotal role. This is because email data is
typically high-dimensional, containing various textual features, metadata, and other attributes.
Without proper feature selection, spam detection models may become overly complex. They
can also suffer from overfitting or fail to identify the underlying patterns in the data. Feature
selection can be framed as an optimization problem, where the goal is to select a subset of
features that maximizes classification performance while minimizing redundancy and dimen-
sionality (Houssein et al. 2023). Given the vast number of possible feature subsets, this problem
becomes combinatorially complex and computationally expensive.

To address this challenge, metaheuristic algorithms have emerged as powerful tools for
feature selection in machine learning. Their ability to efficiently explore large and complex
search spaces makes them especially suitable for high-dimensional tasks such as spam detec-
tion. Metaheuristic-based feature selection has been successfully used in many areas, including
image classification, bioinformatics, and text analysis. As machine learning tasks continue to
grow in scale and complexity, these algorithms offer a powerful and flexible approach for se-
lecting the most relevant features (Dokeroglu et al. 2022; Agrawal et al. 2021).

A significant subset of these techniques falls under the category of swarm intelligence, which
has gained considerable attention for its robustness in handling high-dimensional data—an area
where conventional methods frequently falter (Nguyen et al. 2020; Rostami et al. 2021). Algo-
rithms such as Particle Swarm Optimization (PSO), the Salp Swarm Algorithm (SSA) (Zivkovic
et al. 2022), and the Grasshopper Optimization Algorithm (Wang et al. 2020) emulate the col-
lective behavior of biological populations to explore the search space efficiently. These swarm-
based methods are particularly valued for their global search capabilities, adaptability, and ten-
dency to avoid premature convergence to local optima. As a result, they contribute not only
to more accurate classification outcomes but also to reductions in computational complexity
(Nguyen et al. 2020; Rostami ef al. 2021). Comparative studies consistently demonstrate that
swarm intelligence-based feature selection methods either outperform or remain competitive
with other advanced metaheuristics and traditional algorithms across a wide range of bench-
mark datasets (Awadallah et al. 2022).

While swarm intelligence algorithms have demonstrated strong performance in feature se-
lection tasks, they are not without limitations. One significant drawback is slow convergence,
particularly as the dimensionality of the feature space increases. For instance, the SSA can
require a substantial number of iterations to reach an optimal or near-optimal solution (Qaraad
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et al. 2022). Another key challenge lies in maintaining a proper balance between explo-
ration—searching new areas of the solution space—and exploitation—refining known good
solutions. An improper balance may lead to premature convergence on suboptimal solutions or
incur excessive computational costs, as observed in PSO (Li et al. 2021). Furthermore, some
swarm-based methods struggle with scalability. For example, the Artificial Bee Colony (ABC)
algorithm is often inefficient when applied to high-dimensional datasets due to its high compu-
tational complexity (Rostami et al. 2021).

Among these innovations, the Seagull Optimization Algorithm (SOA) offers a unique ap-
proach to enhancing spam detection. SOA is inspired by the migration and attacking behaviors
of seagulls, which allows it to balance exploration and exploitation effectively within the search
space (Rahman ef al. 2022). By mimicking natural behaviors, SOA can efficiently navigate
through complex and high-dimensional feature spaces, which is crucial for identifying subtle
patterns in spam detection. SOA addresses computationally expensive problems by balanc-
ing exploration and exploitation in the search space, making it highly effective for complex
optimization tasks (Dhiman & Kumar 2019). The SOA outperforms many metaheuristic al-
gorithms, such as the Emperor Penguin Optimizer, Collective Neurodynamic Optimization,
Artificial Chemical Reaction Optimization, and Galaxy-based Search Algorithm in engineering
problems (Dhiman & Kumar 2019). Unfortunately, SOA is designed for continuous optimiza-
tion problems and is not inherently suited for binary feature selection tasks.

Binary SOA(BSOA) extends this concept to binary optimization problems, where solutions
are represented in binary form. This adaptation has proven particularly adept in data mining
applications, showcasing robust capabilities in tasks such as feature selection (Kumar et al.
2021). Its ability to effectively navigate and optimize binary search spaces makes it a valu-
able tool for feature selection and other data-intensive tasks. These advancements highlight the
continuous evolution and refinement of PSO and its variants, aimed at addressing specific chal-
lenges and enhancing performance across diverse application domains (Cao ef al. 2023). This
paper proposes using BSOA for classifying spam and non-spam emails, leveraging its ability
to navigate complex feature spaces and improve email classification performance. The method
will be rigorously evaluated against state-of-the-art algorithms to assess its competitiveness,
strengths, and areas for refinement in email classification and beyond. The main contribution
of this research is as follows.

(1) We implement a hybrid model by integrating the BSOA with Random Forest to improve
performance in feature selection and classification tasks.

(2) We utilize the Spambase dataset, which includes labeled email samples, to analyze the
effectiveness of the proposed method in detecting spam.

(3) We assess and compare the performance of the proposed hybrid model against other bi-
nary metaheuristic algorithms, including the BBA, BDA, BGSA, and BWOA.

The paper is structured as follows. Section 2 describes the methodology of the SOA and
its competitors, including the BSOA and other relevant metaheuristic algorithms used in spam
detection. Section 3 presents the results and discussion, comparing the performance of regu-
lar Random Forest with Random Forest combined with BSOA. This section also includes an
analysis of the accuracy and computational time between the BSOA-based approach and the
competitor algorithms, such as the BBA, BDA, BGSA, and BWOA, as well as a new subsec-
tion that provides an approximate time complexity analysis of the proposed method. Finally, a
limitations section has been added to discuss the use of a single dataset and to outline potential
directions for future work.

2. Methodology

The research process for the SOA involves several steps. Figure 1 illustrates the workflow of the
proposed method. Solid straight lines represent the sequential flow of processes. The dashed
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lines in the flowchart indicate the outputs of the data-splitting step, namely the training and
test datasets, which are subsequently used in the following processes. Initially, the dataset is
imported into the working environment, and pre-processing steps are carried out to prepare the
data. This includes splitting the data into training and testing sets to facilitate model evaluation.
Following this, parameter initialization for the seagull algorithm is performed, setting values
for the number of seagulls in the population and the maximum number of iterations. Given that
results can vary with each experiment, repeated experiments are essential for consistency. To
evaluate consistency and variation, the program is executed multiple times, focusing on com-
putational time during training and accuracy during evaluation. In each iteration, the seagull
algorithm is employed for feature selection and to identify the optimal model using a random
forest classifier. The model’s performance is subsequently evaluated on the test data, recording
metrics such as training and testing accuracy, precision, recall, f; score, and computation time.
After completing all iterations, the average values and distribution of these metrics are calcu-
lated. This data is used to identify optimal parameters and models for the specific application,
ensuring reliable and robust feature selection and classification outcomes. Additionally, the per-
formance of the BSOA is compared with various established binary optimization algorithms.
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i Input Dataset / Algorithm's parameters

Y
Preprocess dataset

v

Calculate Averages and
distribution of Metrics

\ 4 Yes Record Train and Test
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Figure 1: The research steps

2.1. Input and preprocess data

The dataset used for this research was sourced from the UCI Machine Learning Repository
(Hopkins et al. 1999) and comprises 4,601 rows with 57 features, which can be seen in Table
1. The column numbers (0-56) indicate feature indices. The dataset consists of 57 predictive
attributes and one target class. Attributes 1-48 correspond to the frequency of specific words
that appear in the e-mail, expressed as the percentage of words in the message that match a
given word. Attributes 49-54 represent the frequency of certain characters, measured as the
percentage of characters in the e-mail that match the specified character. Attribute 55 measures
the average length of uninterrupted sequences of capital letters, while attribute 56 captures the
length of the longest uninterrupted sequence of capital letters. Attribute 57 represents the total
number of capital letters in the e-mail. Finally, attribute 58 is the class attribute, which indicates
whether the e-mail was classified as spam (1) or non-spam (0).
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These features include various aspects of email content, such as word frequencies, character
frequencies, and additional attributes. In the preprocessing phase, the dataset’s quality is eval-
uated to ensure it is ready for analysis. An initial review revealed that the dataset is clean with
no missing values, thus no imputation was required. However, a closer examination identified
391 duplicate entries, which were removed to preserve the integrity of the analysis and prevent
potential bias. Since this study employs Random Forest as the base classifier, normalization is
not applied, as Random Forest algorithms are inherently robust to differences in feature scaling.
The subsequent step involves dividing the dataset into training and testing subsets, with 80%
allocated for training and 20% for testing. This split is designed to provide a robust training set
that captures diverse patterns while also allowing for a sufficient test set to objectively evaluate
the model’s performance.

Table 1: Sample of dataset

No 0 1 2 3 4 5 e 54 55 56 57(Target)
0 0.00 0.64 064 00 032 000 --- 3756 61 278 1
1 021 028 050 00 0.14 028 --- 5114 101 1028 1
2 0.06 0.00 071 00 123 019 --- 9.821 485 2259 1
4600 0.00 0.00 065 00 0.00 000 --- 1250 5 40 0

2.2. [Initializing seagulls optimization algorithm’s parameters

The next step involves initializing the parameters for the SOA. To ensure an unbiased evaluation
of the optimal parameters, the program executes a series of experiments with varying parameter
values. Key parameters such as the number of seagulls and the maximum number of iterations
are systematically adjusted to assess their impact on the algorithm’s performance. Meanwhile,
the control parameter v is set to 1, as recommended in Kumar e al. (2021), as it acts as a
velocity scaling factor that stabilizes the search dynamics; preliminary trials with other values
showed no notable improvement. In this research, particular focus was placed on varying the
number of seagulls, which directly influences the population size within the algorithm. The
number of seagulls was tested at different levels: 10, 15, 20, 25, 30, 35, 40, 45, and 50. This
iterative approach aims to identify the most effective parameter setting for achieving the best
results in feature selection and optimization.

2.3. Binary seagulls optimization algorithm (BSOA)

The algorithm employed for feature selection in this research is the BSOA, as introduced by
Kumar et al. (2021). It is a variant of the traditional SOA, adapted to handle binary optimization
problems. The BSOA employs a spiral behavior to explore the solution space. This behavior
is characterized by generating a control parameter 6, which is uniformly distributed between
0 and 27. This parameter determines the direction in which the spiral evolves. Each feature

is represented as a binary number in the binary space {b1,ba, - ., by} . To align with the
research objective of determining whether to select a particular feature, each entry in this space
is represented by a value of b; = O or b; = 1, where j € 1,2, 3,...,m and m denotes the total

number of features. Here, the b; = 0 value denotes an unselected feature, while b; = 1 signifies
a selected feature. To create the spiral path, the algorithm generates a random radius r within
the range [0, 1] for each features. This radius controls the distance of the spiral from the origin.
Using this radius and the control parameter 6, the algorithm calculates the spiral coordinates x
and y as follows:

r=r-cosf and y=r-sind (D)
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where B is a control parameter that scales the radius of the spiral. The cosine and sine functions
determine the = and y coordinates of the spiral path, respectively. This approach ensures that
the search process covers a wide range of possible solutions by moving along a spiral trajectory.
In the BSOA, the position update of a seagull combines the current position with information
from the best solution found so far and the spiral behavior. The updated position is computed
using Eq. (2).

np; =p; +v-(p; —bsol) + (x +y) -1 ()

with p; representing the current position of the ¢-th seagulls, bsol as the best solution found,
v as a coefficient that influences how much the current position should be adjusted based on
the difference between the current position and the best solution, and = and y as the spiral
coordinates computed in Eq. (1). The term v - (p; — bsol) drives the seagull towards the best-
known solution, while E - (z + y) introduces exploratory behavior via the spiral path. This
combination allows the algorithm to balance exploration and exploitation during the search
process. The variable v is initialized and adjusted in the optimization process using Eq. (3).

t
o= (1 _ ) 3)
max_iter

The algorithm update the position for each seagulls by using Eq. (4),

1

=1

“4)

to convert continuous values into probabilities. After computing the new position, the algorithm
applies a binary threshold to ensure that the feature subset remains binary. The updated position
is thresholded using Eq. (5).

S))

|1, if T, > rand(num features)
Pi= 0. otherwise

This process ensures that the seagull’s position is adjusted in a binary manner, making it suitable

for feature selection tasks in machine learning. The pseudocode for the BSOA is presented in

Pseudocode 2.1.

Pseudocode 2.1.
Initialize num_seagulls
Setv =1,t =0, max_iter = 50
while ¢ < max_iter do
Calculate fitness value of each seagull
for i = 1 to num_seagulls do

¢ = rand[0, 27]
r = rand|0, 1]
x =1 -cos(f)
y =r-sin(0)
np; =p; +v-(p;i —bsol) + (z+y)-1
e
v=uv- (1 B mg:yt,iter) X
Update the position p; using Eq. (5)
end for

Compute the fitness of every seagull
Increment ¢ by 1
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Return the best solution

end while

24.

Comparison with competitor algorithm

To evaluate the performance of the Binary Seagulls Optimization Algorithm (BSOA), we con-
ducted a comparative analysis with several established optimization algorithms. This compari-
son aims to benchmark the effectiveness of BSOA in feature selection against other algorithms,
providing insights into its relative strengths and weaknesses. The competitor algorithms se-
lected for comparison are:

(1)

2

3)

“)

Binary Bat Algorithm (BBA) (Ardiyansa et al. 2024): This algorithm is an adaptation
of the Bat Algorithm that handles binary optimization problems by using bat-inspired
behaviors and echolocation. The key equations used in this algorithm are Eqs. (6) and

(7)’
’U;'f = ’Uf_l + (pbest - xi) . 6 (6)

as the velocity update where vf is the velocity of bat with and index i at iteration ¢, Ppest
as the global best position, ! as the current position and /3 is a random number in [0, 1].

mf}rl = sz’gmoid(vf,j) >r forj=1,2,...m @)
where sigmoid(v) = H% and r is a random treshold. The algorithm utilizes three key

parameters which are Loudness A = 0.5, pulse rate r = 0.5, and a fixed number of bats.
Binary Dragonfly Algorithm (BDA) (Mafarja et al. 2017): It is a variant of the Drag-
onfly Algorithm tailored for binary optimization, leveraging the swarming behavior of
dragonflies. Its key equation includes Eq. (8),

azfjl = sigmoid(Sf’j) >rforj=1,2,...,m (8
where ! = w-S! ™ 4-¢1- A+co- F+c3- E+cy-G+cs-O, with w is the inertia weight,
A, F, E, G, and O are attraction, food source, enemy, gravity, and obstacle factors,
respectively. The algorithm uses parameters including cognitive and social coefficients
c1 = ¢ = 2.0, inertia weight w = 0.9.

Binary Gravitational Search Algorithm (BGSA) (Somu ef al. 2020): A binary version
of the Gravitational Search Algorithm that models the gravitational interaction between

agents for optimization. The fundamental equations are Eqgs. (9) and (10),

M; - M;
Rij +¢

F;=G ©)
as the gravitional force where G is the gravitational constant, M; and M are masses of

agents 7 and j, I2;; is the Euclidean distance, and e is a small value to prevent division by
Zero.

vi=wuT 4 ) Fy - (- @) (10)
J

as the velocity update. This algorithm also used position update with the same logic as in
BBA. Parameters include gravitational constant G = 100/(1+t), inertia weight w = 0.8.
Binary Whale Optimization Algorithm (BWOA) (Hussien ef al. 2020): An adaptation of
the Whale Optimization Algorithm for binary problems, inspired by the hunting strategies
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of whales. The key equations are Eqgs. (11) and (12),

it =p,+A.-D-1 (11)
as the equation that represents how the whales encircling its prey where

D = |C - pvest — il,
A and C are coefficients calculated as A = 2a-r —aand C' = 2 - r.

it = D ebl . cos(27l) - 1 + Ppest (12)
as the spiral update where [ is a random number in [-1, 1]. The parameters are a decreases
from 2 to O, 7 is random, and b = 1.

To ensure the reproducibility of the experimental results, several key factors were carefully
controlled throughout the study. All algorithms, including BSOA and its competitors (BBA,
BDA, BGSA, and BWOA), were implemented using consistent settings for population size,
number of iterations, and stopping criteria. Each algorithm was executed 20 times, and the
results reported represent the average across these runs to reduce the impact of randomness and
provide a more reliable performance assessment. Additionally, all experiments were conducted
on the same hardware environment to ensure that computational time comparisons were not
influenced by external processing variations. The dataset used for training and testing was held
constant across all experiments, with a fixed train-test split and random seed initialization to
ensure consistency.

3. Result and Discussion

3.1. Comparative analysis of Random Forest with BSOA and regular Random Forest

The evaluation of precision, recall, and f;-score revealed that the Random Forest model opti-
mized with BSOA performed exceptionally well, achieving precision and recall values ranging
from 0.95 to 0.97 for both classes. Additionally, it recorded high f;-scores of 0.95 for class
1 and 0.96 for class 0, as presented in Table 2. These results indicate that the Random Forest
model with BSOA excels in accurately classifying instances in both categories. Furthermore,
the Random Forest model with BSOA outperformed the standard Random Forest model in these
evaluations. Table 2 highlights improvements in macro averages: a 0.0144 increase in precision,
a 0.0235 increase in recall, and a 0.0058 increase in f;-score. Both micro and macro averages
provides a more comprehensive assessment of performance, where micro averages emphasize
overall accuracy across all instances, while macro averages ensure that each class is treated
equally, preventing performance bias towards the majority class. These findings suggest that
the proposed model offers superior performance compared to the regular Random Forest.

To confirm the robustness of these improvements, a paired ¢-test was conducted on the accu-
racy values of both models. The results (¢ = 8.54, p < 0.001) demonstrate that the performance
gains achieved by the Random Forest model with BSOA are statistically significant. These
findings strongly suggest that the proposed model offers superior performance compared to the
regular Random Forest.

3.2. Influence of parameter to computational time of Random Forest with BSOA

The Binary Seagulls Algorithm was executed with variations in the number of seagulls param-
eter. The result suggest that the distribution of computational time is affected by this parameter.
Through experimentation, it was observed that the computation time showed variations, as il-
lustrated in Figure 2 and detailed in Table 3. BSOA shows an increase in computation time as
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Table 2: Performance of the proposed algorithm and normal random forest on precision, recall, and f;-score

Label Meaning Random Forest with BSOA Reguler Random Forest
Presicion Recall  fi-score Presicion Recall  fi-score
0 The given mail is not spam ~ 0.9536  0.9793  0.9663 0.9397 0.9698  0.9541
1 The given mail is spam 0.9711 0.9539  0.9532 0.9563 09164  0.9359
Macro average 0.9624  0.9666  0.9598 0.9480 09431  0.9540
Weighted average 0.9610  0.9684  0.9607 0.9468 0.9470  0.9463

the number of seagulls increases, a trend observed in other algorithms as well. Compared to
other algorithms, BSOA has small computational time when the number of particles is between
20 and 40. BBA,BGSA, WOA has smaller computational time when the number of particle
are between 10 and 15 and also between 45 and 50. BDA has the biggest computational time
compared to the other algorithms.

Computation Time vs. Number of Particles for Different Algorithms
2000

BBA
—e— BDA
1800 —e— BGSA
+— BSOA
1600 WOA /
1400
1200

1000

Computation Time

©
S
S

600

400

10 15 20 25 30 35 40 45 50
Number of Particles

Figure 2: Distribution of computational time with different number of particles

To further evaluate the observed performance differences, paired ¢-tests were conducted
across seven runs for each particle setting (10-40). The comparison between BSOA and BDA
yielded a highly significant difference (t = —5.22, p ~ 0.002 < 0.01), indicating that BDA
significantly outperformed BSOA in terms of computational cost. In contrast, the comparisons
of BSOA with BBA (¢t = —1.47, p =~ 0.19) and BGSA (¢t = —1.81, p = 0.12) did not reveal
statistically significant differences. For BWOA, the test produced a borderline significant result
(t = —2.18, p = 0.05), suggesting that BWOA may slightly outperform BSOA, although the
evidence is weaker. Overall, these findings confirm that while BSOA demonstrates competitive
performance, BDA provides a statistically superior outcome under the tested conditions.

Overall the BSOA has smaller computational time compared to its competitor. These in-
sights are critical for understanding the performance and efficiency of these algorithms under
varying conditions. They aid in selecting the appropriate algorithm based on the specific re-
quirements and constraints of the problem at hand. By optimizing computational time, BSOA
demonstrates its advantage in scenarios where quick processing is essential. This enhances its
appeal for practical applications in machine learning and optimization tasks.

3.3. Influence of parameter to accuracy of Random Forest with BSOA

The testing accuracy can be seen in Figure 3. For testing accuracy, BSOA performs well, with
accuracy rising from 93.82% to 96.08% as the number of particles increases, peaking at 50
particles. BDA achieves the highest testing accuracy overall, with a peak of 96.20% at various
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Table 3: Computational time of different number of particles in different algorithms

Number of particles BBA  BDA BGSA BSOA BWOA

10 339s 410s 345s 365s 336s
15 494s  586s 495s 526s 506s
20 661s 803s 665s 630s 676s
25 811s 983s 835s 760s 832s
30 987s  1175s  995s 916s 1011s
35 1143s  1382s  1149s  1099s 1176s
40 1303s  1575s  1317s  1297s 1340s

Test Accuracy vs. Number of Particles

96.0

©
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Figure 3: Test accuracy of different algorithms

particle sizes, showcasing its robustness. BGSA and BWOA also deliver strong results but fall
short of BDA’s peak performance.

The testing accuracy as seen in Table 4 varies slightly, with values ranging from 93.82% to
96.20%. The Random Forest models with different optimization algorithms generally maintain
high accuracy on the test data as well. BDA has the highest testing accuracy, reaching 96.20%
at several particle settings. This suggests that the BDA might be slightly better at generalizing
to unseen data compared to the others in this experiment. BSOA and BGSA also show strong
performance, with testing accuracy reaching 96,08%, BSOA’s performance is close to BDA,
but BDA has a slight edge in test accuracy.

Overall, the performance of all algorithms remains relatively stable across different particle
sizes, with only minor variations in test accuracy. This suggests that the choice of particle size
has a manageable effect on model performance. While BSOA performs excellently, it is slightly
outperformed by BDA in terms of peak accuracy. Statistical analysis using paired ¢-tests across
the nine runs confirmed that the difference between BSOA and BDA is significant (t = —4.68,
p = 0.0016), indicating that BDA achieves consistently higher performance. On the other
hand, BSOA significantly outperforms BBA (p = 0.0046) and BWOA (p = 0.0167), while the
difference between BSOA and BGSA is not statistically significant (p = 0.181). BGSA and
BWOA also show commendable results, demonstrating that various optimization approaches
can be effective, with BDA leading slightly in this analysis.
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Table 4: Test accuracy of different algorithms

Number of particles BBA BDA BGSA BSOA BWOA

10 93.82% 96.20% 95.49% 96.08%  95.13%
15 94.18% 95.84% 95.61% 95.61% 95.49%
20 94.54% 96.20% 95.49% 95.96% 95.37%
25 9430% 95.84% 95.01% 95.72%  95.37%
30 95.61% 95.96% 9537% 9549%  95.72%
35 94.66% 95.96% 95.49% 95.84%  95.72%
40 95.72%  9596% 95.96% 95.72%  95.25%
45 94.89% 96.20% 95.84% 95.61% 95.49%
50 95.25% 96.20% 96.08% 95.61% 95.37%
mean 94.77% 96.04% 95.60% 95.73%  95.46%
Std. 0.5785  0.2140  0.2561  0.1776  0.1712

3.4. Comparison between Random Forest with BSOA and competitor algorithms

BSOA demonstrates a strong balance between accuracy and computational efficiency, offering
competitive performance compared to other recent metaheuristic algorithms. This trade-off is
essential in practical settings, especially in machine learning tasks like spam detection, where
rapid decision-making is often required (Nssibi et al. 2023). The experimental results reveal
that BSOA consistently achieves high classification accuracy while maintaining lower compu-
tational costs, particularly for a moderate number of particles.

Table 5: Training accuracy comparison of optimization algorithms

Number of particles BBA BDA BGSA BSOA BWOA

10 99.76%  99.85% 99.82% 99.91%  99.76%
15 99.64% 99.88% 99.79%  99.85%  99.73%
20 99.79%  99.85% 99.67% 99.85% 99.85%
25 99.88% 99.85% 99.84% 99.85% 99.85%
30 99.82%  99.94%  99.82% 99.79%  99.85%
35 99.72%  99.94% 99.88% 99.85% 99.82%
40 9991% 99.94% 99.79% 99.85% 99.91%
45 99.76% 99.85% 99.73% 99.73% 99.91%
50 99.85% 99.85% 99.88% 99.70%  99.82%
Mean 99.79%  99.88% 99.83% 99.83% 99.82%
Std. 0.0838  0.0427  0.0541  0.0779  0.0602

In contrast, the BDA, although achieving the highest test accuracy across most configura-
tions, exhibits significantly higher computational time. This is consistent with the findings of
Warnakulasooriya and Segev (2025), who observed that certain swarm-based algorithms may
suffer from increased complexity as problem dimensionality grows. BDA incorporates com-
plex movement and memory mechanisms that, while improving exploitation, also contribute to
longer runtimes (Emambocus et al. 2021).

BBA proves to be the fastest algorithm in this comparison; however, its lower accuracy
suggests it may not explore the solution space adequately, a limitation observed in simplified
swarm-based models (Rostami et al. 2021). BGSA and BWOA show moderate computational
time and accuracy, aligning with prior evaluations that note their stable but sometimes subopti-
mal search behavior in high-dimensional tasks (Qaraad et al. 2022).

The competitive performance of BSOA can be attributed to its unique migration and attack-
inspired search mechanism, which allows it to adaptively navigate between global and local
search zones. This dual behavior supports its ability to avoid premature convergence, a com-
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mon challenge in binary feature selection problems (Dhiman & Kumar 2019). Furthermore,
its scalability and parameter flexibility make it suitable for real-world problems where feature
spaces are large and diverse. Notably, BSOA also demonstrates strong consistency, as reflected
by its relatively low standard deviation (Table 3) in test accuracy, indicating stable performance
across different particle counts.

Although not previously discussed, Table 5 shows that the training accuracy for all algo-
rithms remained consistently high, hovering around 99%. However, the differences emerge
during the testing phase, where accuracies range between 95% and 96%. This noticeable gap
suggests a degree of overfitting, where the models may have learned patterns that are too tailored
to the training data and struggle to generalize to new, unseen samples. To address this, future
enhancements could explore strategies such as regularization or more robust cross-validation
methods to reduce overfitting and improve generalization performance. Ultimately, the results
suggest that while BDA is slightly more accurate, BSOA provides a much more efficient alter-
native, making it preferable in scenarios that require a balance between accuracy and execution
time. These findings support the growing interest in biologically inspired binary optimiza-
tion techniques that offer practical efficiency for high-dimensional classification tasks (Li et al.
2021). For example, in gene expression data classification—where thousands of genes are mea-
sured for a limited number of samples—the BSOA can be employed to select the most relevant
subset of genes, reducing dimensionality while maintaining or improving classification accu-
racy. This highlights BSOA’s potential not only in spam detection but also in critical domains
like bioinformatics, where robust and efficient feature selection is essential.

3.5. Computational complexity analysis

The computational complexity of the proposed BSOA+RF method can be estimated based on
the number of operations performed during its main phases. The Binary Seagull Optimization
Algorithm (BSOA) operates on a population of /N agents for I iterations. During the initial-
ization phase, each of the IV agents is randomly generated, which incurs a cost of O(NV). In
each subsequent iteration, every agent undergoes three main operations: two fitness evaluations
and one movement (position update). This results in approximately 3 x I x N basic operations
throughout the search process, giving a total BSOA-side cost of about N (1 4 31).

In this wrapper-based setting, each fitness evaluation involves training and validating a Ran-
dom Forest (RF) classifier on a subset of features. The training complexity of RF is approxi-
mately O(T" x nlogn), where T is the number of trees and n is the number of samples. Since
each agent is evaluated twice per iteration, the total evaluation cost becomes 21(N -T'-nlogn).
In addition, there is an I N cost associated with the movement updates of the agents, which is
relatively lightweight compared to the evaluation step but included here for completeness.

Combining these components, the total computational cost of the BSOA+RF pipeline can
be expressed as:

N + 2I(N-T-nlogn) + IN.

By dropping constant multipliers and lower-order terms, the overall asymptotic complexity of
the proposed approach simplifies to:

O(I NTnlogn).

This analysis is provided to make the underlying computational cost explicit and to complement
the empirical runtime measurements reported in the results section.

34



BSOA in Random Forest Classifier for Spam and Non-Spam Emails Classification

3.6. Limitations

This study was conducted using a single spam email dataset that already provides structured
feature representations compatible with the proposed BSOA-based feature selection pipeline.
While additional datasets could provide broader validation, most other available spam datasets
consist of raw text and would require extensive NLP preprocessing and substantial modifica-
tions to the current experimental design. Incorporating such datasets would shift the scope of
this study from feature selection to end-to-end text processing, which was not the primary ob-
jective. Future work could explore extending the proposed approach to raw text datasets by
integrating NLP-based feature extraction techniques.

4. Conclusion

In this research, BSOA is applied to develop a model for the Spambase dataset. The study aims
to identify the most effective optimization strategy for spam detection by comparing BSOA
with other advanced algorithms such as BBA, BDA, BGSA, and BWOA. The evaluation criteria
include accuracy, precision, recall, and F1-score, with an emphasis on both training and testing
phases. In the test phase, BSOA achieved a mean accuracy of 95.73% with a standard deviation
of 0.1776, indicating both strong performance and low variance. In terms of computational
time, BSOA showed efficient runtime across different particle sizes—for instance, 630 s (20
particles), 760 s (25 particles), and 1297 s (40 particles)—consistently outperforming BDA and
BGSA. These results demonstrate that BSOA is a strong contender in spam detection, striking
a good balance between high accuracy and manageable computational cost. Compared to BDA
(96.04%, std 0.2140), BGSA (95.60%, 0.2561), BWOA (95.46%, 0.1712), and BBA (94.77%,
0.5785), BSOA offers a competitive and robust solution.

The number of particles used in the optimization process significantly affects both classifi-
cation accuracy and computational time. Generally, increasing the number of particles results
in improved accuracy, particularly during the testing phase, as observed across all algorithms
evaluated. However, this performance gain comes with a corresponding increase in computa-
tional cost. BSOA stands out by maintaining relatively high accuracy while keeping compu-
tation time at a manageable level. In contrast, BDA—despite achieving the highest test ac-
curacy—incurs the longest runtime, highlighting the inherent trade-off between accuracy and
efficiency in optimization-based feature selection.

This research underscores the importance of choosing an appropriate optimization algorithm
for spam detection, as well as the careful tuning of key parameters—such as the number of
particles—to achieve optimal results. Thoughtful algorithm selection and configuration can
significantly enhance the effectiveness of spam detection systems, leading to improved user
productivity, stronger protection against security threats, and greater overall system efficiency.
The competitive performance of BSOA can be attributed to its biologically inspired migration
and attack mechanisms, which enable it to strike a balance between global exploration and local
exploitation. This allows the algorithm to avoid premature convergence and efficiently navigate
complex, high-dimensional search spaces. Given these strengths, the approach may also hold
promise for other challenging classification problems, such as gene expression data analysis in
the field of bioinformatics.

Future research could refine BSOA further by introducing a dynamic radius adjustment
mechanism based on population diversity, iteration progress, or convergence behavior. Such
enhancements could improve the balance between exploration and exploitation. Moreover,
testing BSOA on more diverse and high-dimensional datasets would help validate its gener-
alizability and scalability. Finally, the observed performance gap between training and test-
ing phases suggests some degree of overfitting. Addressing this through regularization, robust
cross-validation, or ensemble methods may enhance generalization and reliability in real-world
applications.
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