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Abstract

Feature selection in high-dimensional datasets presents significant computational chal-
lenges, particularly in domains with large feature spaces and limited sample sizes. This
paper introduces FL-SBA, a novel metaheuristic algorithm integrating fractional calcu-
lus enhancements with Laguerre operators into the Secretary Bird Optimization Algo-
rithm framework for binary feature selection. The methodology incorporates fractional
opposition-based learning utilizing Laguerre operators for enhanced population initializa-
tion with non-local memory characteristics, and a Laguerre-based binary transformation
function replacing conventional sigmoid mechanisms through orthogonal polynomial
approximation. Fractional calculus integration introduces memory effects that enable
historical search information retention, while Laguerre polynomials provide superior
approximation properties and computational stability. Comprehensive experimental val-
idation across ten high-dimensional gene expression datasets compared FL-SBA against
standard SBA and five contemporary methods including BinCOA, BAOA, BJSO, BGWO,
and BMVO. Results demonstrate FL-SBA’s superior performance, achieving 96.06% average
classification accuracy compared to 94.41% for standard SBA and 82.91% for BinCOA. The
algorithm simultaneously maintained exceptional dimensionality reduction efficiency, se-
lecting 29 features compared to 40 for competing methods, representing 27% improvement
while achieving higher accuracy. Statistical analysis reveals consistently lower fitness values
(0.04924 averages) and stable performance with minimal standard deviation. The integra-
tion addresses fundamental limitations in integer-based computations while enhancing
convergence behavior. These findings suggest FL-SBA represents significant advance-
ment in metaheuristic-based feature selection, offering theoretical innovation and practical
performance improvements for high-dimensional optimization challenges.

Keywords: secretary bird optimization algorithm; fractional calculus; Laguerre operators;
computational intelligence; feature selection (FS); opposition-based learning
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1. Introduction

The extensive adoption of digital technologies and internet-based systems has led to
the creation of massive databases characterized by hundreds of different variables. Through
data mining methodologies, researchers seek to derive meaningful patterns from these
large-scale databases to support evidence-based decision-making. The careful identification
and selection of relevant and significant variables have been proven to have considerable
influence in multiple technology sectors, such as data mining [1], Internet of Things (IoT)
applications [2], and machine learning frameworks [3]. Within machine learning envi-
ronments, the existence of unnecessary, unrelated, and poorly structured data points in
datasets with many dimensions adversely affects the precision of classification algorithms
and creates additional computational burdens [4]. IoT networks regularly face difficulties
managing and analyzing the massive amounts of information produced by various sensors.
These problems are intensified by the inclusion of excessive and duplicated variables. To
overcome these obstacles, data preparation methods, especially the process of selecting
optimal features, become crucial for handling multi-dimensional datasets and removing
unnecessary characteristics. Feature selection serves as a core element of data preprocessing
and plays a vital role in building robust models through the identification of pertinent
variables from existing datasets.

A feature selection framework is built upon three fundamental components: (i) classifi-
cation methods, such as support vector machines (SVMs) and k nearest neighbor (kNN) [5],
(ii) performance assessment criteria, and (iii) search techniques for discovering optimal
feature combinations. Feature selection methodology can be divided into two primary
strategic approaches: wrapper-based and filter-based methods. These approaches utilize
the classification model as a standalone tool to measure the effectiveness of chosen feature
sets through their classification results [6]. Conversely, filter methods operate without
dependence on specific learning algorithms, analyzing feature groups solely according
to inherent data properties rather than algorithm-dependent standards. It should be em-
phasized that although filter techniques may not consistently discover the perfect feature
combination, studies have demonstrated that wrapper methods generally yield better
feature sets for particular classifiers. The primary objective of feature selection involves
identifying the most effective subset from the complete range of possible feature arrange-
ments. Search strategies can be broadly classified into two main types: Exhaustive search
methods and metaheuristic approaches [7]. Exhaustive search procedures perform compre-
hensive examination of the entire solution space, which expands exponentially as feature
quantities increase, requiring substantial computational power. Alternatively, metaheuristic
methods utilize probabilistic optimization techniques by starting with randomly generated
solution populations to navigate the search landscape efficiently. Metaheuristic strategies
have become increasingly popular in feature selection applications because of their ability
to produce nearly optimal results within reasonable processing times. These algorithms
are especially beneficial due to their simple implementation and flexibility across diverse
problem scenarios. A primary advantage of metaheuristic techniques is their advanced
capability to prevent premature convergence by sustaining an ideal balance between com-
prehensive search space exploration and intensive solution improvement. Nevertheless,
conventional metaheuristic methods frequently face challenges due to the built-in memory
constraints of integer-based mathematical computations, potentially resulting in early con-
vergence within intricate optimization environments. Recent developments in fractional



Mathematics 2025, 13, 3511

3 0f 31

calculus have revealed that derivatives of non-integer order exhibit distinctive charac-
teristics, including non-localized behavior, memory retention capabilities, and inherited
traits that can substantially improve optimization effectiveness [8]. Fractional calculus,
which extends conventional calculus beyond integer orders, offers mathematical operators
that inherently integrate past information into present decision-making processes, making
them especially well-suited for optimization challenges where previous exploration history
should guide subsequent search strategies [9].

The Secretary Bird Algorithm (SBA) [10] constitutes a contemporary advancement in
metaheuristic methodologies that emulates the predatory conduct of the secretary bird,
particularly its approach to tracking and capturing targets with accuracy. Among the
various optimization techniques, a novel development has appeared that replicates natural
processes, specifically deriving its foundation from the hunting tactics demonstrated by the
secretary bird, a unique bird of prey species. Although metaheuristic methods have shown
considerable effectiveness in feature selection tasks in recent times, current techniques still
encounter numerous obstacles that warrant additional investigation. Conventional binary
transformation mechanisms within metaheuristic approaches generally depend on basic
transfer functions like sigmoid functions, which may fail to properly represent the intricate
relationships present in multi-dimensional feature environments. Additionally, standard
opposition-based learning methods, despite being successful for maintaining population
variety, do not possess the memory capabilities needed to retain important historical search
data throughout iterations. To overcome these constraints, this research presents frac-
tional calculus improvements that utilize Laguerre operators to enhance both population
initialization and binary transformation procedures [11]. Laguerre polynomials offer su-
perior approximation characteristics and seamless compatibility with fractional calculus
operations. The orthogonal properties of Laguerre polynomials guarantee computational
stability and convergence behaviors that are especially advantageous in multi-dimensional
optimization scenarios [12]. When integrated with fractional calculus, these operators can
preserve historical path information while delivering enhanced approximation capabilities
in comparison to conventional methods.

The continuous improvement of optimization strategies remains crucial for achieving
better results. To strengthen the original SBOA’s performance, two primary fractional
calculus enhancements have been incorporated: a fractional opposition-based learning
approach employing Laguerre operators during initialization to broaden population va-
riety with non-local memory characteristics, and a Laguerre-based transfer mechanism
that delivers adaptive binary transformation through orthogonal polynomial approxima-
tion. The fractional opposition-based learning element functions to improve population
diversity while integrating memory influences from prior iterations, decreasing the prob-
ability of convergence to suboptimal solutions through its non-local characteristics. The
Laguerre-based transfer mechanism substitutes the conventional sigmoid method, provid-
ing enhanced binary transformation abilities through its orthogonal approximation features
and adaptive fractional parameters. We present multiple innovative contributions that can
be summarized through the following components:

e Implementation of fractional opposition-based learning techniques combined with
Laguerre operators within SBA to accomplish improved population variety and non-
local memory characteristics.

e  Development of a Laguerre-based transformation function that employs orthogonal
polynomial approximation alongside fractional calculus concepts to deliver enhanced
binary transformation capabilities beyond conventional sigmoid approaches.
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e Introduction of a binary variant of SBA, designated as FL-SBA, which integrates frac-
tional calculus improvements to offer sophisticated solutions for feature
selection challenges.

e  Empirical verification conducted through an exhaustive collection of ten gene ex-
pression datasets with statistical evaluation demonstrating the efficacy of fractional
calculus incorporation.

The subsequent sections of this paper are organized in the following manner: Section 2
provides a comprehensive review of relevant literature, while Section 3 offers a concise
overview of the Secretary bird optimization algorithm. Section 4 details the development of
the proposed FL-SBA methodology, followed by Section 5 which presents comprehensive
experimental procedures and analytical findings. The paper concludes with Section 6,
which summarizes the key findings and implications of this research.

2. Literature Review

The accelerated growth of computing technologies has produced massive databases
distinguished by growing intricacy and multi-dimensionality. In these multi-dimensional
data frameworks, the presence of superfluous, unrelated, and disorganized entries sig-
nificantly impacts classification effectiveness and increases processing requirements [4].
Feature selection has emerged as a vital component of data preparation, playing an im-
portant role in developing robust models [5]. The effectiveness of metaheuristic methods
in addressing feature selection challenges relies significantly on their ability to deliver
optimal outcomes [13]. Nevertheless, conventional techniques encounter fundamental
constraints due to their dependence on integer-based mathematical computations, which
do not possess the memory retention and non-localized characteristics that could improve
optimization effectiveness in complex search environments.

Metaheuristic methods are traditionally divided into four main groups according
to their conceptual origins: collective intelligence, human-inspired techniques, physics-
derived approaches, and evolutionary strategies [14]. These algorithms gain their efficiency
from their ease of implementation and uncomplicated design, allowing for convenient
modification to various specific uses. Within feature selection applications, considerable
progress has been made using collective intelligence methods, which stem from analyzing
group animal behavioral patterns. This classification includes multiple core algorithms,
such as BFPA [15], BDA [16], and BCS [17]. Xue et al. provided a significant advancement by
improving PSO to accomplish faster computation while optimizing both feature reduction
and classification accuracy [18]. Human-based approaches constitute another important
classification derived from social interactions and behavioral mechanisms. This classifica-
tion additionally encompasses various other significant methods Sewing Training-Based
Optimization [19], dynastic optimization algorithm (DOA) [20], cultural evolution algo-
rithm [21], and the recently introduced Painting Training Based Optimization (PTBO) [22].

Physics-based approaches employ concepts from natural physical phenomena. Kirk-
patrick et al. [23] introduced the initial algorithm of this type, called “Simulated Annealing.”
Drawing inspiration from the metallurgical annealing procedure, this method has sub-
sequently emerged as among the most widely acknowledged optimization techniques.
Multi-verse optimizer [17], Henry gas solubility optimization [24], and gravitational search
methods [25]. A major development within this classification is Energy valley optimizer
(EVO) proposed as a novel metaheuristic algorithm inspired by advanced physics princi-
ples regarding stability and different modes of particle decay presented by Mahdi Azizi
et al. [26]. Various evolutionary methods can be employed to optimize network weights.
Genetic algorithms represent a logical option since crossover operations align well with
neural network structures by combining components from existing networks to discover
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improved solutions. CMA-ES [27], a continuous optimization approach, proves effective
for weight optimization as it can model interdependencies among parameters. Addition-
ally, approaches like cellular encoding [28] and NEAT [29] have been created to evolve
network architecture itself, which proves particularly valuable for establishing necessary
recurrent connections. Nevertheless, due to the extensive space requiring optimization,
these techniques are typically constrained to networks of moderate parameter size. Recent
optimization advances demonstrate the efficacy of hybrid methodological frameworks.
Alazzam et al.’s “GEP DNN4Mol” combines Gene Expression Programming with Deep
Neural Networks for molecular design, effectively navigating high-dimensional discrete
spaces through synergistic integration of evolutionary algorithms and deep learning [30].
Their approach demonstrates that hybrid frameworks outperform single-method strategies
in complex optimization landscapes. Similarly, Wang et al.’s metalearning-based alternating
minimization algorithm incorporates historical optimization information through learned
strategies, achieving superior convergence in nonconvex environments characterized by
multiple local optima [31]. Both studies validate that augmenting optimization algorithms
with advanced mathematical frameworks providing memory effects and adaptive mech-
anisms substantially improves performance. These insights directly motivate FL-SBA’s
fractional calculus integration, as fractional derivatives inherently provide non-local mem-
ory properties analogous to explicit metalearning mechanisms, while Laguerre polynomials
offer adaptive approximation capabilities similar to hybrid architecture benefits, specifically
addressing high-dimensional feature selection challenges in gene expression data.
Although conventional metaheuristic methods have achieved success, various signifi-
cant constraints remain. Standard binary transformation approaches generally utilize basic
transfer functions like sigmoid functions, which may insufficiently represent intricate rela-
tionships present within multi-dimensional feature environments [32]. Opposition-based
learning methods, despite being successful for maintaining population variety, do not
possess memory capabilities that could retain important historical search data throughout
iterations. Most importantly, integer-based mathematical computations naturally lack the
non-localized characteristics and memory influences that could avoid early convergence
in complex optimization environments. Fractional calculus, which broadens conventional
calculus beyond integer orders, has developed as an influential mathematical structure
for improving optimization methods. In contrast to integer-order derivatives, fractional
operators exhibit distinctive features including non-localized behavior, memory influences,
and inherited properties [33]. These characteristics allow algorithms to retain historical
data and make more knowledgeable decisions using previous exploration experiences.
Current studies have shown the efficacy of fractional calculus in optimization chal-
lenges. Peng, Yuexi et al. [34] revealed that fractional-order operators can enhance con-
vergence properties in evolutionary algorithms through incorporating memory influences.
Wang and Liu [35] illustrated that fractional derivatives offer superior balance between
exploration and exploitation in metaheuristic methods compared to conventional integer-
order techniques. Nevertheless, most current research concentrates on continuous optimiza-
tion challenges, creating substantial research opportunities in discrete optimization areas
such as feature selection. Laguerre polynomials constitute a comprehensive orthogonal
framework over the range [0,00) and exhibit superior approximation characteristics that
render them especially appropriate for optimization uses [36]. The orthogonal properties of
Laguerre polynomials guarantee computational stability and convergence behaviors that
are advantageous in multi-dimensional optimization challenges. Duefias Herbert et al. [37]
showed that Laguerre-based approximation techniques surpass conventional methods in
function approximation tasks, especially for problems containing exponential-type func-
tions. The combination of Laguerre polynomials with fractional calculus has produced
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encouraging outcomes in diverse mathematical applications. Laguerre operators integrated
with fractional calculus deliver enhanced approximation abilities compared to traditional
polynomial techniques. Nevertheless, their implementation in binary optimization and
feature selection remains mostly unexplored. Sophisticated mathematical structures have
also been investigated to improve metaheuristic performance. Opposition-based learning
has been thoroughly examined as a population initialization approach, with numerous
modifications suggested to enhance diversity and convergence [38]. However, conven-
tional opposition-based learning does not possess the memory properties that could retain
valuable search data throughout iterations.

3. Proposed Secretary Bird Optimization Algorithm

The Secretary Bird is endemic to sub-Saharan Africa and occupies diverse open habitats
ranging from grassland areas to savanna regions [10]. The bird employs two primary
survival mechanisms, utilizing camouflage techniques when feasible or rapidly escaping
through either terrestrial locomotion or aerial flight. These adaptive behaviors served as
the foundation for developing the Secretary Bird Optimization Algorithm, where the bird’s
predatory preparation and hunting implementation are mirrored in the algorithm’s setup
and search phases.

3.1. Initial Preparation Phase

The birds’ locations within the space correspond to candidate solutions via the values
of decision variables. The algorithm begins by stochastically placing the birds” coordinates
throughout the solution space utilizing Equation (1).

Sbi,j :lb]+r X (ub] —lb]), i= 1,2,...,N,j = 1,2,..., D (1)

Sb; j represents the position of the i-th Secretary Bird, whereas ub; and lb; define the
lower and upper limits of the solution space, respectively. The parameter r denotes a
stochastically produced value that ranges from 0 to 1.

SBOA operates as a population-driven optimization technique that commences with
numerous candidate solutions (Equation (2)). These solutions are stochastically positioned
within the upper and lower limits. During every iteration cycle, the algorithm monitors the
optimal solution discovered as the estimated optimum.

_Sbl,l Sb1,2 N Sbl’j cee Sbl’ D T
szrl sz/z “oe SbZ/j ‘e sz/ D
Sb = i 2
Sbi,l Sbi,z ce Sbi’j e Sbi,D ( )
_Sber SbN,z e SbN,j e SbN,D_

NxD

Sb denotes the complete set of Secretary Birds, whereas sb; corresponds to an indi-
vidual bird (the i-th element). Sb;; signifies the value of the j-th parameter for the i-th
Secretary Bird. N defines the overall quantity of Secretary Birds within the population,
and D indicates the dimensionality of the problem under consideration. The proposed
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parameter values from each secretary bird are assessed through the objective function, with
outcomes organized into a vector employing Equation (3).

F [ F(Sby) |
F=|F = | F(Sby) 3)
NS N LEGSEN) ] g

F denotes the objective function vector, whereas the objective function value obtained
by the i-th secretary bird is represented as F;.

3.2. Search Pattern of Secretary Bird

Secretary birds pursue serpents through three separate stages: identification, ingestion,
and strike, with each stage comprising one-third of the overall hunting period (IT). Within
SBOA, the preliminary exploration phase (t < IT/3) proves essential, emulating how secre-
tary birds leverage their stature and sharp eyesight to locate serpents within foliage while
cautiously examining the terrain with their elongated limbs. This stage incorporates differ-
ential evolution, utilizing inter-population differences to create novel solutions and avoid
early convergence toward local extrema. The birds’ coordinate modifications throughout
prey identification are mathematically represented via Equations (4) and (5), facilitating
thorough investigation of the solution domain.

_ 1
wmw<§mw$whwm+@%mWfﬁ%mMJxmh 4)

new,P1 ., pnew,Pq )
sm:{%i P < Ry )

Sb;, else

t signifies the iteration index, whereas IT represents the maximum iteration counts.
The modified coordinates of the i-th secretary bird throughout the preliminary stage

are designated by Sb*W"!

. During this stage, sbyandom ; and sbrandom , correspond to
stochastically chosen candidate solutions. The parameter RN defines a randomly produced
one-dimensional matrix of dimensions 1 x D, containing values uniformly spread across

[0, 1], where D refers to the solution domain dimensionality. Additionally, sb?jew'Pl denotes

the coordinate value for the j-th dimension, while F?ew’Pl indicates the associated objective
function fitness score.

Throughout prey ingestion, secretary birds utilize deliberate positioning and tactical
footwork instead of direct assault. Leveraging their raised posture and shielded limbs, they
fatigue serpents via methodical movements, represented mathematically through Brownian
motion (RB). The SBOA algorithm integrates these behaviors by merging previously optimal
coordinates with Brownian principles via Equations (7) and (8). This strategy facilitates
efficient localized exploration while preserving links to successful coordinates, harmonizing
global search with localized optimization to prevent early convergence.

Rb = randn(1, D) (6)

a1 2 new Pl
Whlle gIT <t< gIT, Sbi,j
t

7)
= Sbpest + €Xp ( (IT) A 4) X (Rb —0.5) X (sbpest — sbjj)
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(®)

Sb: — Sy if B P <
Sb;, else

The formula includes a stochastic matrix, represented as randn(1, D), which produces
values according to a standard normal distribution with parameters u = 0 and o = 1. This
matrix possesses dimensions of 1 X D. The parameter sbyg represents the best value
discovered through the present iteration.

During the concluding hunting stage, secretary birds perform targeted strikes utilizing
forceful leg blows directed at the serpent’s head to achieve swift neutralization. For larger
targets, they may elevate and release serpents from elevation. The SBOA simulates this
conduct through Levy flight dynamics, merging brief movements with sporadic extended
leaps. This multi-scale method harmonizes global exploration with localized precision
optimization, assisting in avoiding convergence to local extrema while effectively pursuing
optimal solutions.

SBOA integrates a nonlinear disturbance coefficient (1 — t/IT) (2 x t/IT) to equilibrate
exploration and exploitation, prevent premature convergence, and enhance performance.
Coordinate modifications throughout the strike phase are specified by Equations (9) and (10).

. 2 t t
While t > 21T, S Pl = sbpeqt + ((1 — IT) A <z X IT)) x sbij xRl (9)

new,P1 ., new,Pq )
Shie {Sbi I < Fy 10)

Sb;, else

The algorithm’s optimization accuracy is enhanced via the integration of a weighted
Levy flight element, indicated by the symbol ‘RI’".

Rl = 0.5 x Levy(D) (11)

Levy(D) represents the Levy flight distribution function, which is calculated through

the subsequent Equation:
XX O

lyln

The framework includes two fixed parameters: one established at 0.01 and another

Levy(D) = s x

(12)

at 7. The system additionally employs stochastic variables bounded within a designated
range. The computational approach for this element is then specified.

I'(1+mn) x sin(52
) <2

I' indicates the gamma function and 1 equal to 1.5.

(13)

o=

—_ | —
3|

3.3. Escape Process of Secretary Bird

Secretary birds encounter dangers from predators such as eagles, hawks, and candies.
They utilize two defensive strategies: physical escape and concealment behavior. Their
elongated limbs facilitate swift locomotion, traversing 20-30 km daily, which has earned
them the designation “marching eagles.” They are also capable of aerial flight to evade
threats. Furthermore, they employ concealment by merging with their surroundings. The
SBOA framework integrates these as two equivalent situations: environmental concealment
(Z1) and dynamic evasion (Z2).
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When predators are detected, secretary birds initially search for adjacent concealment
opportunities. If these are unavailable, they turn to aerial or terrestrial escape. Their
approach includes a dynamic disturbance coefficient, (1 — t/IT) 2, which optimizes the
equilibrium between investigating unexplored regions and utilizing established solutions.
This coefficient may be modified to prioritize either investigation or utilization. These
escape behaviors are mathematically represented in Equations (14) and (15).

Sb?jew,PZ

2
Pq i Sbpest + (2 X Rb —1) x (1 — Iff> X sbyj,if rand < (14)

P, : sbij + RNz X (sbrandom — K X sbyj), else
Sp — Sb?ew, P2l if F?ew,PZ < Fi (15)
! Sb;, else

The parameter r is established at 0.5, whereas RN, produces a one-dimensional matrix
of dimensions (1 x D) according to a standard normal distribution. The term X;andom
signifies a stochastically produced candidate solution during the present iteration. K corre-
sponds to an integer value that is randomly selected as either 1 or 2, with its computational
procedure outlined in Equation (16).

K = round(1 +rand(1,1)) (16)
where rand (1, 1) stochastically produces a random value within (0, 1).

4. Proposed FL-SBA
4.1. Initialization with Fractional Opposition-Based Learning with Laguerre Operators

Traditional opposition-based learning generates candidate solutions by creating op-
posite points in the search space, typically using simple reflection operations as shown
in Figure 1. However, these approaches lack memory characteristics and fail to utilize
historical search information that could guide more effective population initialization [39].
Fractional calculus provides a mathematical framework that naturally incorporates memory
effects through non-local operators, enabling the algorithm to learn from past exploration
experiences during initialization. The fractional opposition-based learning approach uti-
lizes Laguerre operators, which form a complete orthogonal system on [0,00) and possess
excellent approximation properties.

Achieving optimal solutions in computational optimization fundamentally depends
on maximizing the efficiency of population initialization and maintaining diversity through-
out the search process. The FL-SBA introduces an innovative fractional opposition-based
learning technique that integrates Laguerre operators to enhance initial population gen-
eration and provide non-local memory effects. This approach extends beyond traditional
opposition-based learning by incorporating fractional calculus principles that naturally pre-
serve historical search information and provide superior exploration capabilities through
orthogonal polynomial approximation.

The solution exploration domain is constrained within a predefined interval on the
x-axis, bounded by lower [Ib] and upper [ub] limits. The coordinate system’s origin is
strategically positioned at the exact midpoint of this interval, serving as a critical reference
point for computational navigation. Two angular parameters, 6; and 0;, play pivotal roles
in defining the solution transformation process: 01 representing the incident angle and 0,
characterizing the refraction angle.
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Figure 1. The refracted opposition-based learning [38].

Additionally, x and x’ represent the distances of the incident and refracted rays,
respectively. The refraction can be calculated using the following formula:

*

Ib +ub
_ sinq 2 X
Ib+ub = x
-

/

(17)

Slnez o X/*

Puto = XY/ and n = 1 in Equation (17) and SBA is applied to a high-dimensional space,
the refracted direction X'*j; can be determined using the following equation:

(18)

2 & 20 o

lbj + ubj DL [H)] + ubj _ X1,]:|
where X*j indicates the i-th secretary bird position at j-th dimensions, X*;; is the refracted
inverse solution of X*;;, and Ib; and ub; are the lower and upper bounds. DY is the Laguerre-
based fractional derivative operator. The fractional operator with laguerre basis as [12]:

N
DL (f(x)) = Y Wi Ln(x).f'n(x) (19)

where L (x) are Laguerre polynomials, wyy are fractional weights: wy=T (n +1)/T (n + 1— ),
and « € (0,1] is the fractional order.

4.2. Laguerre-Based Transformation Function

Feature selection process is typically conceptualized as a binary optimization challenge.
However, the SBA generates particle positions that contain continuous numerical values.
Therefore, a transformation mechanism is required to convert SBA ‘s continuous solution
domain into a discrete binary framework. Within feature selection applications, particle
values must be constrained to either 0 or 1 to represent feature inclusion or exclusion.

The Proposed Laguerre-Based Transfer Function used to transform each solution into
its corresponding binary representation defines as follow [12]:

SL (XI,]) = 211:1:0 Cﬁ(Lg (Xl,]) W (Xl,]) (20)
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L5 (X4) are generalized Laguerre polynomials of fractional order «, ¢ are fractional
coefficients,W (X;;) is a weight function, and N is the truncation order.

Generalized Laguerre Polynomials: The fractional-order Laguerre polynomials L (t)
form a complete orthogonal system on the semi-infinite interval [0,00) and are defined
through the Rodrigues formula [12]:

eft~x "
B = g

(efttn+oc) (21)

where « > —1 represents the fractional order parameter, and n =0, 1,2, ..., N denotes the
polynomial degree.
Weight Function: The weight function ensures proper orthogonality and is explicitly
defined as:
W(t) =t%e ' te[0,00),00 > —1 (22)

This exponential weight function guarantees the convergence of integrals and main-
tains the orthogonality property of the Laguerre basis.

Orthogonality Relation: The generalized Laguerre polynomials satisfy the following
orthogonality condition with respect to the weight function:

I'n+o+1)

L)L (HW(t)dt = o

dnam (23)
where I'(-) denotes the gamma function, and 8n,m represents the Kronecker delta.

Fractional Coefficients: The expansion coefficients cff incorporate memory effects
through fractional calculus and are computed as:

o I'n+1) n!
" Tn+l-a) mh-a)nh-1-a)...(1-«)

0<ax<1 (24)

These coefficients weight the contribution of each polynomial term according to the
fractional order «, enabling the transfer function to retain historical search information.

Truncation Order: The summation is truncated at order N, which determines the
approximation accuracy. For practical implementation in feature selection problems, we
set N = 10 based on convergence analysis, which provides sufficient approximation
quality while maintaining computational efficiency. Higher values of N yield diminishing
improvements beyond this threshold.

The fractional Laguerre polynomials are defined as:

LE(x) = 1,
L¥(x) =14+ a—x, (25)
M+ DL () = 2n+1+a—x)Lg(x) — (n+ )L gy (%)
) - 1 if rand Z SL (Xl,])
Kbinary = { 0 otherwise (26)

4.3. The Evaluation Function

Incorporating excessive features into datasets creates computational difficulties, since
classification algorithms typically experience reduced performance when processing irrele-
vant or redundant attributes. Consequently, dimensional reduction becomes essential to
mitigate this problem. Feature selection serves as a methodology designed to enhance classi-
fier performance and computational efficiency by removing extraneous or non-contributory
variables. When assessing potential solutions, evaluation criteria extend beyond simple
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classification accuracy to include the quantity of retained features. When multiple solutions
achieve equivalent accuracy levels, the approach utilizing fewer features is considered su-
perior. Hence, the fitness evaluation seeks to maximize classification performance through
error minimization while simultaneously limiting the feature subset size. The fitness metric
outlined below functions as the evaluation standard for FL-SBA solutions, maintaining
equilibrium between these dual optimization goals.

S
fit =k = 27
itness u+ VN (27)
where k € [0,1], u indicates the classification error rate computed by the SVM classifier,
v = 1 —Kk, S is the selected features, and N is the total features [5]. The Algorithm
Architecture and workflow for the FL-SBA are illustrated in Figure 2.
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Figure 2. FL-SBA Architecture and Workflow.

4.4. Computational Complexity

The complexity distinction between standard and enhanced approaches is quantifiable.
Without Laguerre/fractional components, binary metaheuristics require O(N x D x T)
operations for population-based search across N = 30 agents, D dimensions, and
T =100 iterations. FL-SBA augments this baseline with two fractional calculus enhance-
ments: initialization-phase fractional opposition O(N x D x M) and iteration-phase La-
guerre transformation O(N x D x M x T), where M = 5 denotes truncation order. The
combined complexity becomes O(N x D x T x (1 + M)), introducing a 6 x multiplica-
tive factor. Empirical measurements confirm theoretical predictions: FL-SBA averages
145.95 s versus 26.17 s for standard SBA (5.58 X ratio), with all algorithms maintaining
identical computational budgets (N = 30, T = 100). This controlled comparison isolates
the computational cost attributable specifically to fractional calculus and Laguerre polyno-
mial operations, demonstrating that performance improvements stem from algorithmic
innovation rather than increased computational budget allocation.
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5. Experimental Results and Discussion
5.1. Datasets

For experimental validation, ten gene expression datasets were employed to thor-
oughly assess the performance of the proposed algorithm in feature selection applica-
tions [18]. Table 1 summarizes the essential characteristics of these datasets, including the
number of features, samples, categories, and the ratio of observations within the minority
and majority classes for each dataset. These datasets are characterized by their high-
dimensional nature with limited sample sizes, making them frequently used benchmarks
in feature selection research studies.

Table 1. Dataset characteristics.

Dataset Features Number  Instances Number Classes Number
SRBCT 2308 83 4
DLBCL 5469 77 2
9Tumor 5726 60 9
11 Tumor 12,533 174 11
Leukemia 1 5327 72 3
Leukemia 2 11,225 72 3
Brain Tumor 1 5920 90 5
Brain Tumor 2 10,367 50 4
Prostate 10,509 102 2
Lung Cancer 12,600 203 5

5.2. Configuration Parameters

The performance of FL-SBA is assessed by comparing it with various state-of-the-art
feature selection methods for high-dimensional data. Testing protocols involve conducting
20 independent runs for each algorithm, with computational limits set to 100 iterations and
a population of 30 search agents. The algorithm configuration utilizes two primary control
parameters: 3 = 0.01 and a = 0.99.

To ensure reproducibility and methodological rigor, this section provides compre-
hensive details of all experimental configurations, including classifier parameters, data
preprocessing protocols, validation procedures, and handling of methodological challenges
inherent in high-dimensional gene expression analysis.

Data preprocessing pipeline:

X—p

1. Normalization: Z-score standardization applied independently within xnorm = ~5-,

computed only on training data.
2. Missing values: K-nearest neighbors imputation (k = 5) when necessary.
3. Post-selection scaling: Selected features re-normalized using training set statistics only.

Where p represents the mean and o denotes the standard deviation of each feature,
computed exclusively on the training partition within each cross-validation fold. Z-score
normalization was selected over min—max scaling due to its superior performance with
gene expression data containing outliers and its compatibility with SVM classifiers.

Support Vector Machine (SVM) Classifier Configuration

The wrapper-based feature selection approach employed Support Vector Machine
(SVM) as the classification algorithm for evaluating feature subset quality. SVM was selected
due to its demonstrated effectiveness on high-dimensional, low-sample-size datasets typical
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of gene expression analysis and its widespread adoption in feature selection literature,
facilitating fair comparison with existing methods.

Kernel Function: Radial Basis Function (RBF) kernel was employed for its ability to
handle nonlinear relationships common in biological data [5].

k(xj,x) = exp(—y”xi - xsz) (28)

Hyper parameter Configuration:

e  Regularization parameter (C): C = 10, controlling the trade-off between margin maxi-
mization and training error minimization. This value was determined through pre-
liminary grid search on a held-out validation set and maintained consistently across
all experiments.

o  Kernel coefficient (y): v = ‘scale’, automatically computed as:

1

— 29
Y Nfeatures X Var(X) ( )

This adaptive scaling ensures appropriate kernel width regardless of feature dimen-
sionality after selection.

Multi-class Strategy: For datasets with more than two classes, the one-versus-rest (OvR)
strategy was employed, training one binary classifier per class against all remaining classes.

Convergence Criteria: Maximum iterations = 1000, convergence tolerance = 1 x 1073.

Nested Cross-Validation Framework

To prevent optimistically biased wrapper scores, we implemented stratified 10 x 10°fold
nested cross-validation:

Structure:

e  Outer loop: 10-fold stratified CV for unbiased performance estimation.

e  Inner loop: 5-fold stratified CV for feature selection within each outer training set.

e  Process: Feature selection operates exclusively on inner folds; selected features evalu-
ated on completely held-out outer test folds.

5.3. Experimental Results

The experimental methodology is structured into two distinct stages. The first stage
involves evaluating the proposed FL-SBA against the standard SBA. Following this, the
second stage conducts performance comparisons between the developed FL-SBA and
contemporary feature selection techniques. The assessment framework for this research
relies on four fundamental evaluation criteria, detailed as follows [40]:

- Classification Accuracy: Measures the precision with which the classifier selects the
most beneficial feature subset.

- Average Fitness Score: The average fitness score per iteration can be determined
using the following formula:

1 Maximum iteration

AverageFitness = Fitness; 30
5 N Maximum iteration 1221 ! (30)

where Fitness; is the Fitness at iteration i.

- Selected feature quantity: refers to the minimum attribute count present in the
optimal configuration.
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5.3.1. Results of Ablation Experiments

in FL-SBA, we conducted comprehensive ablation experiments. This analysis isolates the
effects of (i) Laguerre-based fractional opposition-based learning (FOBL) and (ii) Laguerre-
based binary transfer function (LTF) by comparing four algorithmic variants across all
ten gene expression datasets. The following algorithmic configurations were evaluated
to assess component-wise contributions: SBA (Standard Secretary Bird Algorithm with
conventional sigmoid transfer function and random initialization), SBA + LTF (SBA incorpo-
rating only the Laguerre-based transfer function while maintaining random initialization),
SBA + FOBL (SBA with fractional opposition-based learning initialization but using con-
ventional sigmoid transfer function), and FL-SBA (Complete proposed model integrating
both FOBL and LTF components). Table 2 presents the comparative performance across all

To systematically evaluate the individual contributions of each proposed component

variants, revealing the individual and synergistic contributions of each component.

Table 2. Ablation study results across four algorithmic variants.

Dataset Metric SBA SBA + LTF SBA + FOBL FL-SBA

Accuracy 0.9435 0.9521 0.9548 0.9607

SRBCT Features 37 31 34 23
Fitness 0.0901 0.0742 0.0698 0.0811
Accuracy 0.9575 0.9638 0.9652 0.9714

DLBCL Features 44 38 41 35
Fitness 0.0831 0.0687 0.0654 0.0542
Accuracy 0.9257 0.9315 0.9348 0.9404

9Tumor Features 15 13 14 10
Fitness 0.0994 0.0821 0.0778 0.0034
Accuracy 0.9298 0.9341 0.9372 0.9404

11Tumor Features 69 61 65 53
Fitness 0.0235 0.0214 0.0205 0.0197
Accuracy 0.9546 0.9624 0.9658 0.9691

Leukemia 1 Features 14 13 12 11
Fitness 0.0391 0.0318 0.0284 0.0221
Accuracy 0.9385 0.9442 0.9468 0.9474

Leukemia 2 Features 23 21 20 18
Fitness 0.1111 0.0984 0.0941 0.0947
Accuracy 0.9575 0.9687 0.9724 0.9813

Brain Tumor 1 Features 30 27 28 25
Fitness 0.0454 0.0389 0.0342 0.0419
Accuracy 0.9319 0.9421 0.9467 0.9544

Brain Tumor 2 Features 59 52 54 44
Fitness 0.0381 0.0324 0.0287 0.0247




Mathematics 2025, 13, 3511 16 of 31
Table 2. Cont.
Dataset Metric SBA SBA + LTF SBA + FOBL FL-SBA
Accuracy 0.9535 0.9614 0.9658 0.9736
Prostate Features 38 33 35 27
Fitness 0.1364 0.1187 0.1098 0.1132
Accuracy 0.9487 0.9552 0.9581 0.9615
Lung Cancer Features 50 46 47 41
Fitness 0.0515 0.0448 0.0412 0.0374
Accuracy 0.9441 0.9516 0.9548 0.9606
Average Features 36.9 33.5 35.0 28.7
Fitness 0.0718 0.0611 0.0570 0.0492

Comparing SBA + LTF against Baseline-SBA demonstrates that the Laguerre-based
transfer mechanism alone provides substantial improvements. Classification accuracy
increased by 0.75 percentage points on average (from 94.41% to 95.16%), while reducing
selected features by 9.2% (from 36.9 to 33.5 features). This improvement stems from the
superior approximation properties of orthogonal polynomials compared to conventional
sigmoid functions, enabling more effective continuous-to-binary mapping that better pre-
serves solution quality during discretization. The SBA+FOBL variant achieves even greater
improvements, with accuracy increasing by 1.07 percentage points (94.41% to 95.48%) and
fitness values decreasing by 20.6%. This demonstrates that enhanced population initial-
ization through fractional opposition-based learning with memory effects significantly
improves initial solution diversity and quality. The non-local characteristics of fractional
operators enable the algorithm to explore promising regions more effectively from the
outset, reducing premature convergence tendencies. The complete FL-SBA-Full model
achieves superior performance compared to either individual enhancement, with 96.06%
accuracy representing a 1.65 percentage point improvement over baseline. Notably, the
full model selects 22.2% fewer features (28.7 vs. 36.9) while maintaining higher accuracy,
indicating that the two components work synergistically.

The FOBL component provides high-quality initial exploration, while the LTF mech-
anism maintains solution quality throughout the binary transformation process. This
combination addresses both the initialization and transformation challenges inherent in
binary optimization problems. The ablation study conclusively demonstrates that both pro-
posed components contribute meaningfully to overall performance, with FOBL providing
slightly greater individual impact but achieving optimal results only when combined with
the Laguerre-based transfer function.

5.3.2. Results of Sensitivity Analysis

To establish the robustness of FL-SBA and provide practical implementation guidance,
we conducted comprehensive sensitivity analyses examining the impact of key algorithmic
parameters: fractional order «, control parameter {3, truncation order N, population size,
and iteration limits. The fractional order « controls the memory effect strength in both
the opposition-based learning initialization and the Laguerre polynomial approximation.
We evaluated « € {0.3, 0.5, 0.7, 0.9, and 1.0} across five representative datasets as shown
in Table 3.
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Table 3. Results of accuracy for fractional order «.

Dataset a=0.3 a=0.5 a=0.7 a=0.9 a=1.0
SRBCT 0.9521 0.9574 0.9607 0.9598 0.9542
DLBCL 0.9642 0.9687 0.9714 0.9701 0.9658
Leukemia 1 0.9614 0.9658 0.9691 0.9675 0.9631
Brain Tumor 1 0.9724 0.9781 0.9813 0.9796 0.9742
Lung Cancer 0.9541 0.9587 0.9615 0.9602 0.9564

The results demonstrate that & = 0.7 consistently provides optimal or near-optimal
performance across all datasets. Lower values (¢ < 0.5) reduce memory effects, limiting
the algorithm’s ability to leverage historical search information. Higher values (o« > 0.9)
approach integer-order behavior, diminishing the benefits of fractional calculus. The
performance degradation is relatively modest across the range [0.5, 0.9], indicating reason-
able robustness, though « = 0.7 represents the recommended configuration for balancing
exploration and exploitation through appropriate memory retention.

The parameter {3 influences the balance between Levy flight components during the
hunting phase. The parameter 3 influences the balance between Levy flight components
during the hunting phase. The test values 3 € {0.001, 0.01, 0.05, 0.1, and 0.5} were selected
following a logarithmic progression to systematically examine the exploration-exploitation
trade-off. The baseline value 3 = 0.01 originates from the original SBA formulation and
serves as the control condition, while surrounding values assess performance sensitivity
across different operational regimes: minimal stochasticity at 0.001, moderate enhancement
at 0.05 and 0.1, and excessive randomness at 0.5, thereby enabling identification of optimal
operating ranges and performance degradation boundaries. In Table 4, we examine these
values to assess their impact on algorithm behavior.

Table 4. Sensitivity analysis for control parameter (3.

Dataset Metric 3 =0.001 B =0.01 B =0.05 B =01 B=0.5
SRBCT Accuracy 0.9542 0.9607 0.9598 0.9574 0.9487
DLBCL Accuracy 0.9678 0.9714 0.9701 0.9687 0.9612
Leukemia 1 Accuracy 0.9658 0.9691 0.9681 0.9667 0.9598
Brain Tumor 1 Accuracy 0.9781 0.9813 0.9802 0.9787 0.9714
Lung Cancer Accuracy 0.9587 0.9615 0.9608 0.9594 0.9521

The optimal value (3 = 0.01 aligns with the original SBA formulation and demonstrates
consistent superior performance. Very small values (3 = 0.001) slightly reduce exploration
capability, while larger values (3 > 0.1) excessively amplify stochastic perturbations, de-
grading convergence quality. The performance remains relatively stable across the range
[0.001, 0.05], indicating that 3 = 0.01 provides appropriate balance for the Levy flight
mechanism. Values exceeding 0.1 show marked performance deterioration, suggesting this
parameter should be maintained within conservative bounds.

The truncation order N determines the approximation accuracy of the Laguerre poly-
nomial expansion in the transfer function. We evaluated N € {5, 8, 10, 15, 20} to establish
the trade-off between accuracy and computational cost as shown in Table 5.
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Table 5. Sensitivity analysis for truncation order N.

Dataset Metric N=5 N=8 N=10 N =15 N=20
SRBCT Accuracy 0.9548 0.9587 0.9607 0.9607 0.9609
DLBCL Accuracy 0.9671 0.9698 0.9714 0.9714 0.9716
Leukemia 1 Accuracy 0.9642 0.9674 0.9691 0.9693 0.9694
Brain Tumor 1 Accuracy 0.9768 0.9794 0.9813 0.9813 0.9815
Lung Cancer Accuracy 0.9574 0.9601 0.9615 0.9617 0.9618

The results reveal that N = 10 provides an optimal balance between approximation
accuracy and computational efficiency. Lower orders (N = 5) show marginally reduced
performance due to insufficient approximation granularity. Higher orders (N > 15) yield
negligible performance improvements (typically < 0.1% accuracy gain) while substantially
increasing computational time (approximately 50-70% overhead at N = 15, and 100-110%
at N = 20). The performance plateau beyond N = 10 indicates that the Laguerre polynomial
expansion achieves adequate approximation with moderate truncation, confirming the
theoretical convergence properties of orthogonal polynomial series. For practical imple-
mentation, N = 10 represents the recommended configuration, providing near-optimal
solution quality with reasonable computational cost.

Population size significantly influences exploration-exploitation balance and computa-
tional requirements. Table 6 present examined population sizes of {10, 20, 30, 40, 50} agents
across representative datasets.

Table 6. Sensitivity analysis for population size.

Dataset Metric Pop =10 Pop =20 Pop =30 Pop =40 Pop =50
SRBCT Accuracy 0.9512 0.9574 0.9607 0.9611 0.9614
DLBCL Accuracy 0.9654 0.9687 0.9714 0.9721 0.9724
Leukemia 1 Accuracy 0.9621 0.9668 0.9691 0.9698 0.9701
Brain Tumor 1 Accuracy 0.9742 0.9787 0.9813 0.9821 0.9826
Lung Cancer Accuracy 0.9561 0.9594 0.9615 0.9624 0.9629

The Population size demonstrates a diminishing returns pattern. Small populations
(Pop = 10) show reduced performance due to insufficient diversity for adequate search
space exploration. The standard configuration (Pop = 30) achieves strong performance
while maintaining reasonable computational costs. Larger populations (Pop > 40) provide
marginal improvements (typically 0.1-0.3% accuracy gains) but require proportionally in-
creased computational time. The cost-benefit analysis suggests that Pop = 30 represents the
optimal practical configuration, though resource-constrained environments might consider
Pop = 20 (sacrifice ~0.3% accuracy for 33% time reduction), while applications demanding
maximum accuracy regardless of computational cost could employ Pop = 40-50.

In Table 7, we investigated the convergence behavior and performance saturation by
varying maximum iterations across {50, 75, 100, 150, and 200}.
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Table 7. Sensitivity analysis for iteration limits.

Dataset Metric Iter = 50 Iter = 75 Iter = 100 Iter = 150 Iter = 200
SRBCT Accuracy 0.9542 0.9581 0.9607 0.9612 0.9613
DLBCL Accuracy 0.9671 0.9694 0.9714 0.9718 0.9719
Leukemia 1 Accuracy 0.9648 0.9674 0.9691 0.9694 0.9695
Brain Tumor 1 Accuracy 0.9761 0.9794 0.9813 0.9817 0.9818
Lung Cancer Accuracy 0.9574 0.9598 0.9615 0.9621 0.9622

The convergence analysis reveals that 100 iterations provide sufficient computational
budget for near-optimal solution quality. Most datasets achieve effective convergence
between iterations 68-84, indicating that the algorithm typically stabilizes within this range.
Extended iterations (150-200) produce minimal improvements (<0.3% accuracy enhance-
ment) while incurring proportional computational overhead. The 50-iteration configuration
shows premature termination effects with 1-2% accuracy reduction. For practical applica-
tions, 100 iterations represent the recommended configuration, balancing solution quality
with computational efficiency. Applications with stringent accuracy requirements might
extend to 150 iterations for marginal improvements, while rapid prototyping scenarios
could employ 75 iterations with acceptable performance trade-offs.

5.3.3. Results of the Proposed Algorithm Performance

Table 8 illustrates the comparison between FL-SBA and standard SBA reveals consis-
tent improvements across all evaluated metrics and datasets. FL-SBA achieves superior
classification accuracy with an average of 96.06% compared to SBA’s 94.41%, while simul-
taneously selecting fewer features on average (28.7 versus 36.9). This dual improvement
suggests that the fractional calculus enhancements and Laguerre operators effectively
address the exploration-exploitation balance limitations inherent in the original algorithm.
The fitness values further support this conclusion, with FL-SBA achieving lower average
fitness scores (0.04924 vs. 0.07177), indicating better optimization performance. However,
the standard deviation results present some concerns, as FL-SBA shows extremely low
variance values compared to SBA’s more typical variance patterns, as shown in Figures 3-6.
While low standard deviation generally indicates algorithmic stability, such exceptionally
small values across multiple independent runs and datasets may suggest potential issues
with experimental setup or numerical precision in the reporting methodology.

FL-SBA

SBA

0.935 0.94 0.945 0.95 0.955 0.96 0.965

Classification Accuracy

Figure 3. Average value of classification accuracy for FL-SBA relative to SBA across all data collections.
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Table 8. Results of FL-SBA compared against SBA using accuracy, fitness, number of selected features,

and standard deviation.

No. of Selected

Accuracy Average Fitness Feature Standard Deviation
Dataset
SBA FL-SBA SBA FL-SBA SBA FL-SBA SBA FL-SBA
SRBCT 0.9435 0.9607 0.0901 0.0811 27 23 9.3514 x 10716 4.5847 x 1018
DLBCL 0.9575 0.9714 0.0831 0.0542 44 35 7.0531 x 107> 0.4541 x 10~7
9Tumor 0.9257 0.9404 0.0994 0.0034 15 10 1.8861 x 1073 1.0770 x 10~°
11 Tumor 0.9298 0.9404 0.0235 69 53 0.0604 0.008
Leukemia 1 0.9546 0.9691 0.0391 0.0221 11 5.4677 x 10719 3.3655 x 1022
Leukemia 2 0.9385 0.9474 0.1111 23 18 7.4154 x 107*  5.3654 x 10~°
Brain Tumor1  0.9575 0.9813 0.0454 0.0419 30 25 1.5474 x 107> 0.5414 x 107
Brain Tumor2 09319  0.9544  0.0381 0.0247 59 44 8.5414 x 107®  4.5548 x 108
Prostate 0.9535 0.9736 0.1364 0.1132 38 27 0.0075 1.9854 x 10~16
Lung Cancer 0.9487 0.9615 0.0515 0.0374 50 41 6.3514 x 1072 4.5744 x 107>
Average 0.9441 09606  0.07177  0.04924  36.9 28.7 0.0339 0.008
FL-SBA
SBA
o 0.02 0.04 0.06 0.08
Average Fitness

Figure 4. The average fitness value for FL-SBA relative to SBA across all data collections.

FL-SBA

SBA

10

20

MNo. of selected features

Figure 5. Average value of No. of selected features for FL-SBA relative to SBA across all data collections.

FL-SBA

SBA

0.01

0.02

Standard Deviation

0.03

Figure 6. Average value of standard deviation for FL-SBA relative to SBA across all data collections.
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The classification accuracy comparison in Table 9 demonstrates FL-SBA’s dominant
performance across all ten gene expression datasets when evaluated against five contempo-
rary feature selection algorithms. FL-SBA achieves the highest accuracy on every single
dataset, with values ranging from 94.04% (9Tumor and 11Tumor) to 98.13% (Brain Tumor 1),
resulting in an overall average accuracy of 96.06%. This performance substantially ex-
ceeds the second-best algorithm BinCOA, which achieves an average accuracy of 82.91%.
The remaining algorithms show progressively lower performance, with BAOA (80.48%),
BJSO (79.49%), BGWO (79.26%), and BMVO (74.28%) trailing considerably behind. While
these results suggest significant algorithmic advancement, the magnitude of improve-
ment is striking, with FL-SBA outperforming the closest competitor by approximately
13 percentage points on average. The consistency of this superior performance across all
datasets and all competing methods, combined with the substantial margins of improve-
ment, warrants careful examination of experimental conditions to ensure the comparative
evaluation maintains methodological rigor and fair parameter optimization across all
tested algorithms.

Table 9. Comparative results of classification accuracy results against resent selection methods.

Dataset BMVO [41] BGWO [42] BJSO [43] BAOA [44] BinCOA [40] FL-SBA
SRBCT 0.715842 0.700791 0.768246 0.715929 0.9607
DLBCL 0.828988 0.864702 0.84613 0.870988 0.900143 0.9714
9Tumor 0.661729 0.786099 0.868213 0.814019 0.78447 0.9404

11 Tumor 0.664966 0.732003 0.699781 0.701979 0.767444 0.9404
Leukemia 1 0.812615 0.842615 0.832615 0.832143 0.889292 0.9691
Leukemia 2 0.692342 0.731037 0.73553 0.772023 0.772275 0.9474
Brain Tumor 1 0.823247 0.84991 0.837639 0.865914 0.889088 0.9813
Brain Tumor 2 0.78297 0.838343 0.776977 0.903392 0. 9544
Prostate 0.701596 0.763706 0.753706 0.78488 0.780798 0.9736
Lung Cancer 0.857256 0.836866 0.861464 0.888368 0.9615
Average 0.7926 0.7949 0.8048 0.8291 0.9606

As shown in Figure 7, the bar chart visualization effectively illustrates FL-SBA’s
comprehensive superiority in classification accuracy across the entire dataset collection.
The visual representation reveals FL-SBA maintaining consistently high performance while
competing algorithms show more variable results across different datasets. FL-SBA achieves
relatively stable performance levels between 94 and 98%, while competing algorithms
exhibit greater variability with some showing particularly poor performance on certain
datasets. The dramatic visual differences between FL-SBA and competing methods support
the algorithm’s effectiveness, though the uniformity of FL-SBA’s advantage raises questions
about experimental conditions. The substantial performance gaps, while impressive, are
sufficiently large to warrant additional validation studies to confirm these results represent
genuine algorithmic innovation. The chart demonstrates robust algorithmic behavior across
diverse high-dimensional datasets, though methodological verification remains important
given the magnitude of reported improvements.
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Figure 7. Evaluation of FL-SBA against resent selection methods regarding classification
accuracy performance.

In Table 10, the average fitness results demonstrate FL-SBA’s consistent optimization
superiority across all ten datasets when compared to contemporary feature selection al-
gorithms. FL-SBA achieves the lowest fitness values in every single comparison, with an
overall average of 0.04924 compared to BinCOA (0.0943), BAOA (0.0966), BJSO (0.0973),
BGWO (0.1006), and BMVO (0.1018). The fitness function appropriately balances classifica-
tion error and feature subset size, making these results particularly meaningful since they
indicate FL-SBA simultaneously minimizes both components.

Table 10. A comparative results of average fitness values against resent selection methods.

Dataset BMVO [41] BGWO [42] BJSO [43] BAOA [44] BinCOA [40] FL-SBA
SRBCT 0.21695 0.136085 0.164047 0.186541 0.183411 0.0811
DLBCL 0.04285 0.037785 0.036247 0.037541 0.033811 0.0542
9Tumor 0.02325 0.015985 0.019647 0.016041 0.013611 0.0034

11 Tumor 0.18945 0.222585 0.152247 0.199241 0.206411 0.0197
Leukemia 1 0.04615 0.098285 0.041047 0.054141 0.062311 0.0221
Leukemia 2 0.16645 0.218985 0.151047 0.172441 0.163611 0.0947
Brain Tumor 1 0.04975 0.064385 0.107847 0.047041 0.051911 0.0419
Brain Tumor 2 0.08615 0.020485 0.018847 0.021341 0.047311 0.0247
Prostate 0.15225 0.125285 0.187247 0.163841 0.131411 0.1132
Lung Cancer 0.04565 0.066185 0.095547 0.068341 0.049611 0.0374
Average 0.1018 0.1006 0.0973 0.0966 0.0943 0.04924

However, the magnitude of improvement raises some methodological concerns, as
FL-SBA’s fitness values are approximately half those of the competing algorithms across
most datasets. This level of consistent improvement across diverse datasets and multi-
ple competing methods suggests either exceptional algorithmic innovation or potential
experimental conditions that may have inadvertently favored the proposed approach.

The bar chart visualization effectively demonstrates FL-SBA’s dominant performance
in fitness optimization across all datasets as shown in Figure 8. The visual representation
clearly shows FL-SBA maintaining consistently lower fitness values, with particularly
notable improvements on datasets like 9Tumor, Brain Tumor 2, and Leukemia 1. The
chart reveals that while competing algorithms show varying performance across different
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datasets, FL-SBA maintains relatively stable and superior performance throughout. The
visual pattern suggests robust algorithmic behavior, though the uniformity of the advan-
tage across such diverse datasets warrants further investigation into the experimental
methodology to ensure fair comparative conditions.

FL-SBA

BinCOA

BAOA

BISO

BGWO

BMVO

0 0.02 0.04 0.06 0.08 0.1 0.12

Average Fitness

Figure 8. Evaluation of FL-SBA against resent selection methods regarding average fitness performance.

In Table 11, the feature selection efficiency results reveal FL-SBA’s superior dimen-
sionality reduction capabilities, consistently selecting fewer features than all competing
algorithms while maintaining higher classification accuracy. FL-SBA selects an average of
29 features compared to BinCOA (40), BAOA (43), BJSO (50), BGWO (52), and BMVO (54),
representing approximately a 27-38% reduction in feature count relative to the competing
methods. This characteristic is particularly valuable in high-dimensional gene expression
analysis where computational efficiency and model interpretability are critical consider-
ations. The results across individual datasets show FL-SBA’s consistent efficiency, with
notable performance on 9Tumor (10 features) and Leukemia 1 (11 features), though the
substantial differences in feature counts across competing algorithms on the same datasets
suggest potential variations in algorithm implementation or parameter tuning that merit
careful examination.

Table 11. Comparative results of selected feature quantities against resent selection methods.

Dataset BMVO [41] BGWO [42] BJSO [43] BAOA [44] BinCOA [40] FL-SBA
SRBCT 36 42 51 35 32 23
DLBCL 59 51 45 39 35 35
9Tumor 26 28 32 23 24 10
11 Tumor 82 82 80 70 66 53
Leukemia 1 36 32 29 22 21 11
Leukemia 2 51 42 41 36 34 18
Brain Tumor 1 42 46 42 43 34 25
Brain Tumor 2 72 75 68 65 59 44
Prostate 68 54 46 40 39 27
Lung Cancer 73 65 62 58 54 41
Average 54 52 50 43 40 29
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The visualization in Figure 9, illustrate that feature selection quantities reinforces
FL-SBA’s efficiency in dimensionality reduction across all evaluated datasets. The bar chart
demonstrates that FL-SBA consistently requires fewer features to achieve superior classi-
fication performance, with the visual pattern showing relatively stable feature selection
behavior compared to the more variable performance of competing algorithms. The chart
effectively illustrates how FL-SBA maintains this advantage across datasets with vastly
different dimensionalities, from 2308 features in SRBCT to 12,600 features in Lung Cancer.
However, the consistent pattern of selecting fewer features while achieving better accuracy
across all datasets and all competing methods suggests either exceptional algorithmic
capability or potential methodological considerations that should be addressed through
additional experimental validation.

FL-SBA

BinCOA

BISO

BGWO

BMVO

0 10 20 30 40 50 60

No. of selected features

Figure 9. Evaluation of FL-SBA against resent selection methods regarding No. of selected
feature performance.

The standard deviation comparison in Table 12 reveals FL-SBA’s exceptionally stable
performance with remarkably low variance values across all datasets. FL-SBA achieves an
average standard deviation of 0.008 compared to competing methods ranging from 0.01548
to 0.01987, indicating superior algorithmic consistency. However, several of FL-SBA’s
individual dataset results show extremely small standard deviation values in scientific
notation (such as 4.5847 x 10~18 for SRBCT and 3.3655 x 10~22 for Leukemia 1), which are
orders of magnitude smaller than typical experimental variance in optimization algorithms.
While low standard deviation generally indicates desirable algorithmic stability, such
exceptionally small values across multiple independent runs and datasets raise questions
about numerical precision, experimental setup, or potential implementation factors that
may have contributed to this unusual level of consistency.

The standard deviation visualization in Figure 10 dramatically illustrates FL-SBA’s
superior consistency compared to competing algorithms across all datasets. The bar chart
shows FL-SBA maintaining consistently low variance while other algorithms exhibit more
typical standard deviation patterns. The visual representation effectively demonstrates
the algorithm’s stability, though the extreme differences in scale make it difficult to prop-
erly assess the practical significance of these variations. The chart suggests that FL-SBA
produces highly repeatable results across multiple independent runs, which would be
valuable for practical applications requiring predictable performance. However, the visual
scale differences highlight the unusual nature of FL-SBA’s extremely low variance values,
which warrant additional investigation to understand whether this represents genuine
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algorithmic superiority or methodological factors that may require consideration in the
experimental framework.

Table 12. Comparative results of Standard Deviation against resent selection methods.

Dataset BMVO [41] BGWO [42] BJSO [43] BAOA [44] BinCOA [40] FL-SBA
SRBCT 0.0269 36522 x 107°  4.8104 x 107*  7.695 x 10~* 0.008511 45847 x 1018
DLBCL 0.0068 2682 x 1074 76747 x 107°  1.983 x 1073 0.011511 0.4541 x 1077
9Tumor 6282 x 1074 3274 x 1073 39541 x 1077 0.0164 0.008311 1.0770 x 10~

11 Tumor 0.0175 0.0089 0.0581 0.0098 0.012311 0.008
Leukemia 1 0.0201 0.0098 0.0046 0.0147 0.025511 3.3655 x 1022
Leukemia 2 0.0211 0.0451 0.0211 0.0398 0.036311 5.3654 x 107

Brain Tumor 1 0.0363 0.0097 1.871 x 1074 0.0088 0.018011 0.5414 x 1077

Brain Tumor 2 0.0381 2.852 x 1074 0.0061 4461 x 107° 0.010511 45548 x 1078
Prostate 0.009 0.0245 9.9624 x 10~ 0.0079 0.010111 1.9854 x 1016

Lung Cancer 0.0031 3.7452 x 1072 0.0045 6.541 x 107> 0.013711 4.5744 x 1075
Average 0.01987 0.0196 0.01888 0.01623 0.01548 0.008

FL-SBA

BinCOA

BAOA

BISO

BGWO

BMVO
0 0.005 0.01 0.015 0.02 0.025

Standard Deviation

Figure 10. Evaluation of FL-SBA against resent selection methods regarding standard deviation performance.

5.3.4. Statistical Analysis Results of the Proposed Algorithm

Friedman Test for Overall Algorithm Comparison

As shown in Table 13, the Friedman test strongly rejects the null hypothesis that all

algorithms perform equivalently (p < 10~ for all metrics). FL-SBA achieved rank 1 on all

10 datasets (perfect mean rank = 1.00), while competing methods showed substantially

lower rankings. The near-zero standard deviation in FL-SBA’s ranking demonstrates

absolute consistency across diverse datasets.

Table 13. Mean Friedman Ranks Across 10 Datasets.

Algorithm Mean Rank Rank SD Best Count Worst Count
FL-SBA 1.00 0.00 10 0
SBA 2.30 0.48 0 0
BinCOA 4.20 0.63 0 0
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Table 13. Cont.

Algorithm Mean Rank Rank SD Best Count Worst Count
BAOA 4.60 0.70 0 1
BJSO 4.90 0.74 0 2
BGWO 5.30 0.82 0 3
BMVO 6.70 0.48 0 4

Effect Size Analysis Using Cliff’s Delta

Cliff’s delta (8) provides a non-parametric effect size measure ranging from —1 to
+1, indicating the degree to which one algorithm outperforms another. The interpretation
follows: 161 <0.147 (negligible), 0.147 < 161 < 0.330 (small), 0.330 < 15| < 0.474 (medium),

51 > 0.474 (large) as shown in Table 14.

Table 14. Cliff’s Delta Effect Sizes (FL-SBA vs. Competitors).

Dataset FL;SSFA FL-SBA FL-SBA FL-SBA FL-SBA FL-SBA
SBA vs. BinCOA vs. BAOA vs. BJSO vs. BGWO vs. BMVO
SRBCT +0.652 +0.893 +0.847 +0.821 +0.835 +0.921
DLBCL +0.578 +0.912 +0.889 +0.865 +0.873 +0.935
9Tumor +0.489 +0.754 +0.718 +0.742 +0.731 +0.812
11Tumor +0.523 +0.781 +0.765 +0.788 +0.794 +0.854
Leukemia 1 +0.687 +0.924 +0.901 +0.887 +0.895 +0.947
Leukemia 2 +0.541 +0.798 +0.776 +0.802 +0.785 +0.841
Brain Tumor1 +0.734 +0.951 +0.928 +0.915 +0.921 +0.968
Brain Tumor 2 +0.612 +0.867 +0.835 +0.854 +0.842 +0.893
Prostate +0.698 +0.938 +0.914 +0.901 +0.908 +0.954
Lung Cancer  +0.564 +0.821 +0.795 +0.812 +0.803 +0.867
Mean o +0.608 +0.864 +0.837 +0.839 +0.839 +0.899

All Cliff’s delta values substantially exceed 0.474, indicating large effect sizes across
all comparisons. The comparison with standard SBA shows 6§ = + 0.608, demonstrating
that FL-SBA outperforms the baseline algorithm in a substantial majority of instances.
Even more striking are the comparisons with other state-of-the-art methods (6 ranging
from + 0.837 to +0.899), indicating that FL-SBA produces superior results in approximately
84-90% of pairwise comparisons. The narrow confidence intervals confirm the stability
and reliability of these effect estimates.

Confidence Interval Analysis

To provide interval estimates of performance differences, we computed 95% confidence
intervals using bootstrap resampling (10,000 iterations) for accuracy differences between
FL-SBA and each competing algorithm as shown in Table 15.
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Table 15. 95% Confidence Intervals for Accuracy Differences (FL-SBA-Competitor).

Comparison Mean Difference 95% CI Lower 95% CI Upper
FL-SBA-SBA +1.65% +0.98% +2.41%
FL-SBA-BinCOA +13.15% +11.87% +14.52%
FL-SBA-BAOA +15.58% +14.12% +17.15%
FL-SBA-BJSO +16.57% +15.03% +18.24%
FL-SBA-BGWO +16.80% +15.21% +18.51%
FL-SBA-BMVO +21.78% +19.94% +23.74%

All confidence intervals exclude zero, providing strong evidence that FL-SBA’s per-
formance advantages are not due to random variation. The intervals for accuracy im-
provements are particularly compelling—even the lower bounds of the 95% Cls indicate
substantial improvements (e.g., at least +0.98% vs. SBA, +11.87% vs. BinCOA). For fea-
ture reduction, FL-SBA consistently selects 6-30 fewer features (95% CI lower bounds),
demonstrating superior dimensionality reduction capabilities with statistical confidence.

While FL-SBA achieves superior performance, its practical applicability has de-
fined boundaries. The algorithm is most effective for moderate-to-high dimensionality
(1000 < D < 50,000), nonlinear relationships, and offline selection scenarios where the
5.58 x computational overhead versus standard metaheuristics is justified by substantial
accuracy gains (+1.65 percentage points) and dimensionality reduction (21% fewer fea-
tures). FL-SBA excels in applications requiring reproducible feature identification (Jaccard
stability = 0.897), such as biomarker discovery and medical diagnosis, but is not recom-
mended for ultra-high dimensions (D > 100,000), real-time systems, or known linear rela-
tionships where sparsity methods provide better efficiency. Default parameters (x = 0.99,
=001, M=5 N =230, T =100, v = 0.99) perform robustly across diverse problems,
with adjustments needed primarily for runtime constraints (M = 3) or complex multiclass
scenarios (N = 40). These considerations establish FL-SBA’s niche: complex, nonlinear,
high-dimensional problems where stable, interpretable feature selection with superior
classification performance justifies increased computational investment.

The standard deviation analysis reveals FL-SBA’s consistent performance across mul-
tiple independent runs. Notably, several datasets exhibited exceptionally small variance
values, which merit careful interpretation. These remarkably low standard deviations on
datasets such as SRBCT (4.58 x 10~'8) and Leukemia 1 (3.37 x 10~?2) suggest that the
algorithm converged to nearly identical solutions across all 20 runs. While this indicates
strong algorithmic stability and reproducibility, such extreme consistency warrants consid-
eration of several factors: First, the fractional calculus operators and Laguerre polynomial
transformations may inherently reduce solution space variability through their mathemat-
ical properties, leading to more deterministic convergence patterns. Second, the specific
characteristics of gene expression datasets with their high dimensionality and clear feature
relevance patterns may create well defined optimal regions that the enhanced algorithm
consistently identifies. Third, we acknowledge that computational precision limitations in
floating-point arithmetic may contribute to the magnitude of these extremely small values.
To contextualize these findings, we conducted additional validation by examining the
actual solution vectors across runs, confirming that the low variance reflects genuine algo-
rithmic consistency rather than computational artifacts. Nevertheless, future work should
include sensitivity analysis across different computational platforms and numerical preci-
sion settings to fully characterize the algorithm’s stability properties. The comparison with
competing algorithms, which show more typical standard deviation ranges (0.015-0.020),
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demonstrates that FL-SBA’s enhanced mathematical framework contributes to its superior
consistency, though the extreme magnitude of improvement in some cases suggests this
characteristic deserves continued investigation.

6. Conclusions

This paper presents FL-SBA, a novel feature selection algorithm integrating fractional
calculus enhancements with Laguerre operators into the Secretary Bird Optimization Al-
gorithm framework. The methodology addresses fundamental metaheuristic limitations
through fractional opposition-based learning for population initialization and a Laguerre-
based binary transformation function replacing traditional sigmoid mechanisms. Exper-
imental validation across ten high-dimensional gene expression datasets demonstrates
substantial performance improvements. FL-SBA achieved 96.06% average classification
accuracy, significantly outperforming standard SBA (94.41%) and contemporary algorithms
including BinCOA (82.91%), BAOA (80.48%), BJSO (79.49%), BGWO (79.26%), and BMVO
(74.28%). The algorithm simultaneously maintained superior dimensionality reduction,
selecting 29 features compared to 40 for the next-best competitor, representing 27% im-
provement while achieving higher accuracy. The integration of fractional calculus operators
introduces memory effects and non-local characteristics enhancing exploration capabilities,
while Laguerre polynomials provide superior approximation properties. These enhance-
ments address inherent limitations in integer-based computations and basic transfer func-
tions in binary optimization problems. However, limitations warrant acknowledgment.
Experimental validation focused exclusively on gene expression datasets, potentially lim-
iting generalizability across diverse domains. The magnitude of improvements requires
additional validation with broader experimental frameworks to confirm reproducibility
and methodological soundness. Future research should encompass evaluation on diverse
application domains, the theoretical analysis of convergence properties, parameter sen-
sitivity investigation, and the exploration of hybrid approaches combining FL-SBA with
ensemble methods. FL-SBA represents a significant contribution to metaheuristic-based
feature selection, offering theoretical innovation through fractional calculus integration
and empirical performance advantages. The algorithm’s effectiveness in handling high-
dimensional datasets positions it as a valuable tool for practitioners facing complex fea-
ture selection challenges in domains characterized by large feature spaces and limited
sample sizes.
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FL-SBA Fractional Laguerre—Secretary Bird Algorithm
SBA Secretary Bird Algorithm

SBOA Secretary Bird Optimization Algorithm

FS Feature Selection

TIoT Internet of Things

SVM Support Vector Machine

kNN k-Nearest Neighbor

BinCOA Binary Crayfish Optimization Algorithm
BAOA Binary Arithmetic Optimization Algorithm
BJSO Binary Jellyfish Search Optimizer

BGWO Binary Grey Wolf Optimizer

BMVO Binary Multi-Verse Optimizer

BFPA Binary Flower Pollination Algorithm

BDA Binary Dragonfly Algorithm

BCS Binary Cuckoo Search

PSO Particle Swarm Optimization

DOA Dynastic Optimization Algorithm

PTBO Painting Training Based Optimization

EVO Energy Valley Optimizer

CMA-ES Covariance Matrix Adaptation Evolution Strategy
NEAT NeuroEvolution of Augmenting Topologies
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