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A gene selection algorithm 
for microarray cancer classification 
using an improved particle swarm 
optimization
Arfan Ali Nagra 1, Ali Haider Khan 1, Muhammad Abubakar 1*, Muhammad Faheem 2, 
Adil Rasool 3*, Khalid Masood 1 & Muzammil Hussain 4

Gene selection is an essential step for the classification of microarray cancer data. Gene expression 
cancer data (deoxyribonucleic acid microarray] facilitates in computing the robust and concurrent 
expression of various genes. Particle swarm optimization (PSO) requires simple operators and less 
number of parameters for tuning the model in gene selection. The selection of a prognostic gene 
with small redundancy is a great challenge for the researcher as there are a few complications in PSO 
based selection method. In this research, a new variant of PSO (Self-inertia weight adaptive PSO) 
has been proposed. In the proposed algorithm, SIW-APSO-ELM is explored to achieve gene selection 
prediction accuracies. This novel algorithm establishes a balance between the exploitation and 
exploration capabilities of the improved inertia weight adaptive particle swarm optimization. The self-
inertia weight adaptive particle swarm optimization (SIW-APSO) algorithm is employed for solution 
explorations. Each particle in the SIW-APSO increases its position and velocity iteratively through 
an evolutionary process. The extreme learning machine (ELM) has been designed for the selection 
procedure. The proposed method has been employed to identify several genes in the cancer dataset. 
The classification algorithm contains ELM, K-centroid nearest neighbor, and support vector machine 
to attain high forecast accuracy as compared to the start-of-the-art methods on microarray cancer 
datasets that show the effectiveness of the proposed method.
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The rapid growth of microarray knowledge in the previous decade has allowed researchers to analyze many genes 
instantaneously and find biological data for several determinations, particularly cancer classification. Microar-
ray is used in clinics and research laboratories to understand the molecular procedures and effective treatment 
of many diseases. Cancer-related microarray genes have been determined through a gene selection algorithm, 
which is very useful in the biological cancer system. Several different microarray genes contain information about 
many disease samples. The number of genes has redundant data in other microarray data, so the current methods 
are not accurate for prediction1. In microarray datasets, the matrix is a challenging problem. Gene expression 
plays a vibrant role in this regard. Many computational methods are unsuccessful in recognizing a small subset 
of significant genes in microarray data, which eventually raises the challenge of microarray analysis. Apart from 
the proposed approach, alternatively, there is another solution that unifies multiple models into a uniform model 
for the evolution of cellular functionality phenomena2.

An improved whale optimization method is proposed, incorporating a pooling mechanism and three efficient 
search strategies: migrating, preferential selection, and enriched encircling prey. An evaluation is conducted to 
assess the performance of enhanced whale optimization algorithm (E-WOA), which demonstrates that E-WOA 
surpasses the versions of WOA. Following the successful performance of E-WOA, a binary version called BE-
WOA was developed to specifically identify effective features, notably in medical datasets. The validation of the 
binary whale optimization algorithm (BE-WOA) algorithm involves the use of medical ailments datasets and a 
comparison with the most advanced optimization algorithms. The evaluation is based on criteria such as fitness, 
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accuracy, sensitivity, precision, and the number of features.3. Another optimization algorithm, the quantum-based 
avian navigation optimizer algorithm (QANA) proposes a self-adaptive quantum orientation and quantum-based 
navigation with mutation strategies. It proposes a fast communication topology to share the information flow 
through the flocks. Also, the introduced long-term and short-term memories provide meaningful knowledge 
for partial landscape analysis, and the qubit-crossover operator produces the next generation. The experimental 
results prove that QANA is effective and scalable on test functions and real-world applications such as applied 
engineering problems4.

Different gene selection methods are categorized as filter, wrapper and embedded methods5. The filter meth-
ods exploit a gene’s general properties and estimate every gene without the classification algorithm. But in the 
wrapper method, a pool of genes is created, and with the help of classification algorithms, we can attain the 
accurate gene pool sunset for solving the classification problems. Embedded methods achieved the properties 
of wrapper and filter methods. However many embedded methods plan with genes one by one, which takes 
a long time for microarray data6. Evolutionary methods are more appropriate and refined than wrapper gene 
selection because of their capability to refine solutions on complex spaces of potential solutions. These days, a 
lot of approaches use hybrid techniques such as genetic algorithm (GA)7, PSO8,9 have been used progressively 
and proved to be good for microarray datasets10–16. A binary PSO hybrid with a filter method is used to attain 
accurate gene subsets17. Genetic algorithm techniques have been used to improve the classification accuracy13,14. 
The hybrid method of genetic algorithm (GA) and k- nearest neighbors (KNN) identifies the different classes 
of genes15. The deep learning method microarray optimized gene selection method for cancer classification 
has been introduced in16. Swarm intelligence algorithms in gene selection profiles based on the classification of 
microarray data were introduced17. In18, authors propose the Hybrid leader selection strategy for many objective 
particle swarm optimization to encounter the Mult objective problem effectively.

In terms of identifying both breast cancer subtypes and other cancer types, the IMS and FES employing the 
core gene set outperformed the other techniques. Additionally, the IMS may be repeated even with different 
gene expression data (i.e. RNA-seq and microarray)19. The study, conceptual discussion, and demonstration of 
the algorithmic behaviors—including convergence trends, mutation and crossover rate variations, and running 
time—showed that they were consistent with the results of the literature20. Microarrays are motionless and one 
of the major methods employed to study cancer biology21. The effectiveness of minimum redundancy maximum 
relevance with imperialist competition algorithm (mRMR-ICA) is evaluated using ten benchmark microarray 
gene expression datasets. Comparing mRMR-ICA to the original ICA and other evolutionary algorithms, experi-
mental results show an improvement in the precision of cancer classification and the number of useful genes22. 
The gene set that deep gene selection (DGS) chose has demonstrated greater effectiveness in the categorization 
of cancer. The number of genes in the original microarray datasets can be significantly decreased using DGS23. 
Recognizing vigorous prognostic biomarkers to stratify colorectal cancer (CRC) has been proposed in24. In DNA 
microarray technology, gene expression data have a high dimension with a small sample size. Consequently, the 
growth of well-organized and healthy feature selection approaches is crucial that classify a minor set of genes to 
attain better classification performance25. An advanced bio-inspired multi-objective procedure is suggested for 
gene selection in microarray data classification specifically in the binary domain of feature selection26.

This manuscript proposes a gene selection method based on a new variant of PSO. Microarray facilitates 
researchers to measure the expression levels of several genes concurrently. For the classification of microar-
ray data gene selection provides a vital role. Microarray facilitates to determination of the expression ranks of 
numerous genes concurrently. The selection of a prognostic gene with a small redundancy is a great challenge 
for the researcher. A PSO-based gene selection technique has limitations which is why a new method of PSO is 
proposed in this manuscript. In the proposed algorithm, self-inertia weight adaptive particle swarm optimization 
with extreme learning machine (SIW-APSO-ELM) is utilized to achieve gene selection prediction accuracies. 
The extreme learning machine (ELM) had prearranged for selection procedure. The proposed method with the 
few discriminative genes as selected by the algorithm, attains high forecast accuracy on microarray datasets 
and shows the usefulness of the proposed method. The primary contribution of the aforementioned method is 
to achieve an appropriate balance between the exploration capabilities of the increased inertia weight adaptive 
particle swarm optimization and the exploitation. The SIW-APSO algorithm is employed for solution explora-
tion. The SIW-APSO conducts an evolutionary process where each particle iteratively enhances its velocities and 
positions. The extreme learning machine (ELM) has been designed for the selection procedure. The proposed 
method has been used to identify several genes in the cancer dataset. The classification algorithm contains ELM, 
K- centroid nearest neighbor (KCNN), and support vector machine (SVM) to attain the high forecast accuracy 
as compared to the start-of-the-art methods on microarray cancer datasets.

The article’s arrangement is as follows: Related work has been presented in section "Related work", which 
contains a study of ELM, SVM, and KCNN. Section "Proposed method" provides a methodology, which describes 
the development of the proposed improved PSO. Section "Experimental results and discussion" introduces the 
experimental work and the results and discussion, which includes comparative analysis studies. Section "Conclu-
sions" concludes the article by providing its findings.

Related Work
Extreme learning machine
The gradient-based learning algorithms have faced different problems. For hidden feedforward neural network’s 
extreme learning algorithm has been used19. This algorithm selects the input weights arbitrarily; the hidden layer 
logically controls the output weights of SLFN. This algorithm significantly improved the enactment of a faster 
learning speed than gradient-based algorithms20,21. ELM has minor training bugs and minimal weights. The 
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almost negligible weight in ELM shows the best performance. The parameters of SLFN are not tuned to obtain 
the analytical method. ELM converges very fast as compared to gradient-based algorithms.

Linear support vector machine
Support vector machine (SVM) is a machine learning algorithm22. The hypersphere around the part of feeding 
data is calculating the class problem which is handled by one class SVM. Inside the hypersphere are known as 
specific data points, and outside the hypersphere are called anomalous data points. For the one class SVM, γ and 
ν are the hyper-parameters, wherever γ =  1

2σ2
 is used for the variance of the input. For the input data, variance 

is calculated for γ . A lower γ value maps input data points near to each other. A higher ν value accepts many 
outliers, whereas a low value shows data points outside the hyperspace. One class SVM provides the best result 
and the linear kernel achieves high accuracies23,24.

K‑nearest centroid neighbor (KNCN) Classifier
KNCN is a very popular classifier25. It has been observed that this classifier is a valuable approach in the finite 
sample size. Let TS ={pi ∈ R

d}Ni=1 be a training sample and ci ∈ { c1 , c2 , . . . , cM } means the class label for pi with 
M number of classes. The centroid of an assumed set of points Z = (z1, z2, . . . zq) can be calculated as:

For a known query sample x, its unidentified class c can be projected by KNCN using the steps below:

1.	 With the help of nearest centroid neighbor (NCN) search the nearest neighbor of X from Ts.

2.	 Assign x to the class c, which the centroid neighbors in the set most frequently represent TRNCN
k (x).

where cNCNn  is the centroid neighbor pNCNin  , and δ
(

cj = cNCNn

)

.

Proposed method
Hybrid gene selection algorithm
Gene selection is typically a two-step procedure. One must recognize related genes and be alike to choose the 
minor subsets from the related genes. SIWAPSO-ELM has been used to simplify the gene selection procedure. 
It has been used to select the smallest gene subset pool from the primary gene pool. An improved inertia weight 
PSO for the updating global combined with extreme learning has been proposed for the best selection of dense 
gene subsets from the accurate gene pool. The steps in the proposed method are shown in Fig. 1.

In the first step, the gene, and the dataset are separated into training and testing sets. Furthermore, in the first 
phase 150 to 300 genes were selected from the total dataset. Create a second-level initial gene pool. After training 
and testing 5–5-fold cross-validation is applied to each gene subset. After that, every gene subset perdition is 
determined with the help of fivefold cross-validation and with the help of ELM on the training sets classification 
accuracy obtained. An improved inertia weight PSO has been used to select the optimal gene after the validation 
pool. The ith particle Xi = (xi1, xi2, ..., xiD)

Signifies an applicant gene subset. The measurement of the particles corresponds to the number of certain 
genes selected from the original gene pool. The Extreme Learning Machine (ELM) achieves higher accuracy 
when trained on specific gene subsets indicated by the ith particle. The proposed SIWAPSO is very accurate as 
compared to the traditional PSO.

It is far more effective for updating the best swarm position. The proposed method is also beneficial to 
decrease premature convergence of the swarm; SIW-APSO is implemented as an optimizer to revise the optimal 
location of the swarm. In the (i + 1)th  generation, the velocity and position of the swarm, Pg , are updated by 
Eqs. (6 and 7).

Fitness function
The value of X is assessed by a fitness function f. Fitness is determined by the genetic aptitude acquired within 
this subset. The fitness value is computed in the following manner:

wherever w1 is a weight coefficient [0, 1] which handles the combination of both intentions, the number of genes 
the number of selected genes in X, and p the dimension of the vector X. The additional period promises the 
detail of favoring subsets with less number of genes. The goal is to exploit the function f. As the main objective is 
to find a subset of genes with maximum accuracy, we choose w1 = 0.95. Where accuracy is calculated as follows:

(1)Zc
q =

1

q

q
∑

i=0

Zi

(2)TRNCN
k (x) = {pNCNij ∈ R

d}kj=1

(3)
argmax

cj

∑

pNCNij ∈TRNCNk (x)

δ(cjc=c
NCN
n )

(4)f (X) = w1 ∗ classif ier(X)(1− w1) ∗ (1−
No.genes

p
)
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An improved inertia weight PSO for the updating global combined with extreme learning has been proposed 
for best selecting compact gene subsets from the refined gene pool. The pseudocode of a proposed method is 
as follows:

Step 1: In the first step, training and testing have been performed on the datasets.
And from the total datasets, 150 to 300 genes were selected for testing and validation.
Step 2: Determine the pbest Pb and gbest Pg.
Step 3: Find the fitness function of every particle.
Step 4: with the help of the fitness function, adjust the best Pb and gbest Pg.
Step 5: Update the position of all particles accordingly.
Step 6: Evaluate the fitness function and calculate accuracy with classifiers.
Step 7: The process is recurrent till the aim is encountered or the maximum optimization is achieved, or else, 
go to Step 3.

Self‑inertia weight adaptive particle swarm optimization (SIW‑APSO)
Since the evaluation of particle swarm optimization (PSO) numerous researchers tried to explore the solution 
for the precise value of inertia weights. A self-adaptive inertia weight PSO is proposed for the optimization of 
the exploration and exploitation of the particles. SIW helps to improve the premature convergence in PSO. The 
proposed method is able to improve the premature convergence of the PSO. It is vital to find the position of 
the particle in the population for all set of given epochs. When using this approach, it is critical to determine 
the particle’s position in the population for all iterations. SIW-APSO initializes the random particles in the 
multidimensional search. A predetermine fitness function helps to evaluate the relative fitness function and for 
each iteration every particle in a randomized swarm indicated a point in feature space. However, SIW managed 
to attain the best solution. The Eqs. (4 and 5) determine the updates of velocity and position for each particle 
that moves around the dimensional search space. The Eqs. (6 and 7) provide the information about the itera-
tive adaptive inertia weight as a function of iteration number, for each iteration the inertia weights update itself 
accordance to the improvement in the best fitness.

SIW-APSO improves the precocious convergence issue of PSO. The self-inertia weight is an adapted itera-
tion of the PSO method. In this method, a random swarm of particles initializes. Every particle corresponds to 
a certain location inside the search space. A fitness function is derived from the pre-evaluated process, which 

(5)accuracy =
No.of correctlypredictedsamples

No.of samples

Figure 1.   The framework of the proposed hybrid gene selection method. 
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greatly aids in achieving the desired optimal solution. The particles navigate inside a multidimensional solution 
space as a collective.

where Zd
i  is the position of particle i,Wt+1

i  is the inertia weight of ith at the iteration (t + 1)th, k1&k2 are the con-
stants, r1&r2 the random functions and "pdb ” is the dth best position particle i,pdg  is the dth global best position 
founded by the whole swarm8?

According to the Eq. (6), The repetitive nature of inertia weight is highly beneficial for determining actual 
fitness.

where Wt+1
i  and f

(

Zt
i

)

 represent the inertia weight and best fitness value at the tth and t + 1thiteration, respectively.
(βf

(

Zt+1
i

)

−(βf (Zt
i )

(βf
(

Zt+1
i

)  Illustrate the improvement in the optimal fitness function that relies on the suggested inertia 

weight. The Eq. (6) shows the f (Zt
i  ) and f (Zt−1

i The) , fitness function of the swarms at the tth and t − 1th repeti-
tions, correspondingly. If Wt+1

i  = Wt
i  , the particle is unable to find an optimal solution due to its limitations as 

f (Zt−1
i ) =  f

(

Zt
i

)

 and there is no change in inertia weight. In the case of t > 0 , as we can use in the above Eq. (6), 
then The variability in inertia weight is advantageous, leading to an improvement in fitness. The fitness function 
improves when the most optimal position is close to the other particles in the swarm.Wt

i  Will grow to Wt+1
i  at 

t − 1th loop, it is advantageous for both exploration and exploitation. When Wt+1
i = 0.9 as described in Eq. (6) 

The inertia weight remains constant and functions similarly to a typical Particle Swarm Optimization (PSO). 
The oscillations exhibited a decline as the iterations progressed, an outcome of permissible modifications in the 
intended solution. SIW-APSO is capable of effectively augmenting the precision of PSO. The study reveals that 
the inertia weight becomes zero at certain phases and remains constant for multiple consecutive iterations, 
indicating that the swarm becomes stuck and unable to escape a local optimum. To adjust the range of inertia 
weight a linear function is used:

According to Eq. (6) The inertia weight for each swarm is modified autonomously at every iteration, utilizing 
the improvement in its own best fitness.25. An indication of a change in fitness is present. When the individual 
fitness of a particle improves at any iteration. A particle undergoes a direction change; otherwise, its moment of 
inertia remains constant at zero. The particle begins its search locally and continues its global exploration until 
it acquires additional inertia and an improvement in inertia. According to the mentioned method, balancing 
global and local research improves diversity.

Experimental results and discussion
Datasets
In this manuscript, eight microarray datasets are utilized for various types of cancer: Leukemia, Brain Cancer, 
Colon Cancer, SRBCT (Small Round Blue Cell Tumors), Lung Cancer, brain cancer, Lymphoma, 11_Tumors, 
and Diffuse large B cell lymphoma (DLBCL). These datasets are publicly available and were sourced from the 
GEMS system (http://​www.​gems-​system.​org). which are listed in Table 2. The comprehensive explanation of 
the datasets is recorded in Table 2. Table 1 has defined the parameter settings. The selection of these datasets 
includes a diverse range of cancers, which helps in demonstrating the generalizability and robustness of the gene 
selection technique across different types of cancer. Each of these cancers has distinct gene expression profiles, 
making them ideal for evaluating the effectiveness of gene selection methods in identifying relevant biomarkers. 

(6)St+1
id = Wt+1

i Stid + k1r1





(βf
�

Zt+1
i

�

−(βf
�

Zt
i

�

(βf
�

Zt+1
i

�



+ k2r2(p
t
g − Zt

i )

(7)Zt+1
id = St+1

id + Zt
id

(8)Wt+1
i = 0.9ift = 0

(9)Wt+1
i = f

(

Zt
i

)

− f (Zt−1
i )if > 0

(10)W(t) = Wl − (Wl −Wh)t/th

Table 1.   Parameters used for the proposed method.

Parameters Value

Swarm size 30

Number of generations 100

C1, C2 2

W 0.9

Vmax 4

vmin − 4

http://www.gems-system.org
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fivefold cross-validation is used in this manuscript which is a good compromise between the bias and variance 
of the model. It helps in ensuring that the results are not overly optimistic (low variance) while still providing a 
sufficient number of training samples to maintain generalizability (low bias). Compared to leave-one-out cross-
validation or higher k-fold values, fivefold cross-validation is computationally less intensive, making it suitable 
for large microarray datasets. fivefold cross-validation is a widely accepted method in bioinformatics and machine 
learning literature, providing a balance between reliability and computational demand.

The parameter tuning process for SIW-APSO involves setting and optimizing the values of key parameters 
to achieve optimal performance of the algorithm. Here is a detailed discussion of the parameter tuning process, 
how the parameters were optimized, and their impact on the performance of SIW-APSO which is shown and 
highlighted blue in Table 1. A swarm size of 30 is a common choice, balancing diversity and computational 
efficiency. For iteration, setting it to 100 aims to balance solution quality and computational time. C1 and C2 
values are typically set to the same value (2) to balance exploration (C1) and exploitation (C2). If C1 is much 
larger than C2, the particles may explore too much without converging. Conversely, if C2 is much larger than 
C1, the particles may converge prematurely without exploring the search space adequately. An inertia weight of 
0.9 favors exploration in the initial stages of the optimization process. Properly tuned velocity limits Vmax is 4 
and Vmin is − 4 ensure that particles explore the search space effectively without oscillating too much.

The experimental study has been conducted on eight microarray datasets, including SRBCT, Lung cancer, 
Colon cancer, brain cancer, Leukemia, and Lymphoma, shown in Table 2.

The proposed method of self-inertia weight PSO with ELM is to classify the eight Microarray datasets to 
verify selected gene subsets. Every experiment is made 500 times and means accuracies and standard deviation 
are listed in Table 3.

The prediction ability of the selected gene subsets
The predictive accuracy of certain groups of genes is confirmed using the proposed SIW-APSO-ELM method. The 
experiments have been conducted 500 times, Std., and the accuracy is shown in Table 3. The proposed method 
has obtained high accuracy for brain cancer. The proposed method obtains 100%. SIW-APSO-ELM method on 
the colon obtains excellent accuracies. These results indicate that the SIW-APSO-ELM can select highly valuable 
prognostic genes. Table 4 shows the best accuracy of the proposed method SIW-APSO-ELM> using the 5-fold 
validation on the eight cancer datasets.

In Table 5. KCNN classification accuracy with different parameters is given. We achieved 97% on Colon 
and 100% on SRBCT which shows good results in terms of parameters used. We achieved 100% accuracy on 
Lymphoma while it was slightly reduced in 11_Tumors which is 97% approximately.

In Table 6. SVM classifier shows the classification accuracy with different parameters. We achieved 97% on 
Colon and 100% on SRBCT which shows good results when we applied BPSO-GCSELM. We achieved 100% 
accuracy on Lymphoma while it was slightly reduced in 11_Tumors which is 99% approximately when we applied 
SIW-APSOELM.

In Table 7. Different datasets provided different values and it shows the accuracy, sensitivity, and specificity 
with different parameters. We achieved 96%, 93%, and 92% on Colon accuracy sensitivity and specificity.

In Table 8. A comparison of the proposed method with a modified version of the Moth Flame algorithm is 
given. It shows Lung accuracy of 94%using MMFA while 97% using the SIW-APSO-ELM approach.

In Table 9. The proposed method with selected genes on the Colon dataset is given that shows the description 
of each selected gene.

In Table 10. The proposed method with selected genes on the Leukemia dataset is given that shows the 
description of each selected gene.

In Table 11. The proposed method with selected genes on the Lymphoma dataset is given that shows the 
description of each selected gene.

In Table 12. The proposed method with selected genes on the SRBCT dataset is given that shows the descrip-
tion of each selected gene. It is linked to sample classes. Table 4 presents the experimental results with the latest 
gene selection methods. It demonstrates that the proposed technique has outclassed the other PSO26 variants 
and other standard gene selection approaches such as IBPSO, SVM27, IG-GA28, EPSO29, BPSO-GCS-ELM30, 
mABC31, because SIWAPSO-ELM has been used to simplify the genes selection procedure. It has been used to 
select the smallest gene subset pool from the primary gene pool which has been updating global position and 

Table 2.   Eight microarray dataset genes.

Data Total samples Training samples Testing samples Number of classes Number of genes

Leukemia 72 38 34 2 7129

Brain Cancer 60 30 30 2 7129

Colon Cancer 62 40 22 2 2000

SRBCT 83 63 20 4 2308

Lung Cancer 203 103 100 5 3312

Lymphoma 58 29 29 2 7129

11_Tumors 73 45 41 3 4200

DLBCL 67 42 39 2 3812
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Selected gene subsets Fivefold CV accuracy (%) ± std Friedman test accuracy (%) ± std

SRBCT

 42,1003,1954,430,2050,123 100 ± 0.00 100 ± 0.00

 545,1955,1434,509,971,255 100 ± 0.00 100 ± 0.00

 1003,545,1911,153,123,1489,2161 100 ± 0.00 100 ± 0.00

 1955,2050,545,2144,2045,123,1489 100 ± 0.00 100 ± 0.00

Leukemia

 4050,2642,2121 100 ± 0.00 100 ± 0.00

 4050,2642,1882 100 ± 0.00 100 ± 0.00

 4050,2642,3258 100 ± 0.00 100 ± 0.00

 42,335,2642,1843,4050 100 ± 0.00 100 ± 0.00

Lymphoma

 152,2347,2650,5679,438,1855,5863 90.60 ± 0.023 86.11 ± 0.120

 1855,2828,152,2437,806,530,1102 92.36 ± 0.027 89.33 ± 0.019

 5279,4687,4940,5449,1133,1855,4519 93.51 ± 0.022 90.47 ± 0.029

 152,2437,4829,2828,6441,806,2508 93.79 ± 0.020 90.45 ± 0.023

LUNG

 1765,2779,2841,1474,2045,3191,2763,2817,525,1630 98.27 ± 0.014 93.33 ± 0.011

 525,1493,607,2763,792,580,867,368,3279,2158,1225 98.39 ± 0.023 93.47 ± 0.012

 1765,883,2763,792,580,867,985,3279,2988,2045,814 98.67 ± 0.021 93.60 ± 0.019

 1765,525,2763,2841,1474,2583,867,985,2045,814,918 98.67 ± 0.019 94.01 ± 0.024

Brain cancer

 1091,798,337 90.14 ± 0.036 89.62 ± 0.025

 3052,973,3041,3692,4796 92.00 ± 0.023 91.78 ± 0.046

 4628,7129,7045,4413,798 92.29 ± 0.020 90.22 ± 0.022

 7129,2881,3052,865,1970,2935,4871 92.78 ± 0.012 91.88 ± 0.019

Colon

 1976,1325,1993,1870,1892,653,1917,187,22,1209,1060 93.63 ± 0.025 97.27 ± 0.013

 377,792,14,1976,765,187,251,1110,175,53,1293,1740,200 93.00 ± 0.035 98.06 ± 0.013

 792,1423,14,1976,1909,1110,1589,102,107,1916,175,1151 93.73 ± 0.031 98.71 ± 0.013

 792,14,1976,765,1909,1524,1110,175,43,53,1293,1740,251 96.86 ± 0.033 99.05 ± 0.011

11_Tumors

 2131,1291,1798,1337 95.63 ± 0.025 95.27 ± 0.012

 3052,973,3041,3692,4796 95.00 ± 0.035 97.66 ± 0.015

 4628,7129,7045,4413,798 95.73 ± 0.031 95.71 ± 0.016

 7129,2881,3052,865,1970,2935,4871 95.86 ± 0.033 94.05 ± 0.004

DLBCL

 1291,798,437,2345 100 ± 0.00 100 ± 0.00

 2052,2973,3041,3692,4796 100 ± 0.00 100 ± 0.00

 4628,7129,7245,7413,8798 100 ± 0.00 100 ± 0.00

 7139,4831,3052,865,1970,3932,5871 100 ± 0.00 100 ± 0.00

SRBCT

 42,1003,1954,430,2050,123 100 ± 0.00 100 ± 0.00

 545,1955,1434,509,971,255 100 ± 0.00 100 ± 0.00

 1003,545,1911,153,123,1489,2161 100 ± 0.00 100 ± 0.00

 1955,2050,545,2144,2045,123,1489 100 ± 0.00 100 ± 0.00

Leukemia

 4050,2642,2121 100 ± 0.00 100 ± 0.00

 4050,2642,1882 100 ± 0.00 100 ± 0.00

 4050,2642,3258 100 ± 0.00 100 ± 0.00

 42,335,2642,1843,4050 100 ± 0.00 100 ± 0.00

Lymphoma

 152,2347,2650,5679,438,1855,5863 90.60 ± 0.023 85.11 ± 0.020

 1855,2828,152,2437,806,530,1102 92.36 ± 0.027 89.33 ± 0.019

 5279,4687,4940,5449,1133,1855,4519 93.51 ± 0.022 90.47 ± 0.029

 152,2437,4829,2828,6441,806,2508 93.79 ± 0.020 90.45 ± 0.023

LUNG

Continued
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extreme learning for the best selection of dense gene subsets from the accurate gene pool. From Table 3, the 
SIW-APSO-ELM chooses a nearly similar number of genes as the former approaches on Leukemia, SRBCT, 
and DLBCL. At the same time, it determines the maximum number of genes in the colon, brain, and lung data, 
amongst others. ELM attains 100% accuracy on the Leukemia, DLBCL, and SRBCT datasets compared to other 
state-of-the-art methods.

From Table 3, the SIW-APSO-ELM chooses a nearly similar number of genes as the former approaches on 
Leukemia, SRBCT, and DLBCL. At the same time, it determines the maximum number of genes in the colon, 
brain, and lung data, amongst others. ELM attains 100% accuracy on the Leukemia, DLBCL, and SRBCT datasets 
compared to other state-of-the-art methods. Figure 2 shows the fivefold CV accuracy on the training data versus 
the iteration number of a proposed algorithm. With the help, we verified that it improves the premature conver-
gence of the proposed method. The graph in Fig. 2. further shows that the tendency of improving convergence 

Table 3.   Classification accuracy using various gene subsets.

Selected gene subsets Fivefold CV accuracy (%) ± std Friedman test accuracy (%) ± std

 1765,2779,2841,1474,2045,3191,2763,2817,525,1630 98.27 ± 0.014 93.33 ± 0.011

 525,1493,607,2763,792,580,867,368,3279,2158,1225 98.39 ± 0.023 93.47 ± 0.012

 1765,883,2763,792,580,867,985,3279,2988,2045,814 98.67 ± 0.021 93.60 ± 0.019

 1765,525,2763,2841,1474,2583,867,985,2045,814,918 98.67 ± 0.019 94.01 ± 0.024

Brain cancer

 1091,798,337 90.14 ± 0.036 89.62 ± 0.025

 3052,973,3041,3692,4796 92.00 ± 0.023 91.78 ± 0.046

 4628,7129,7045,4413,798 92.29 ± 0.020 90.22 ± 0.022

 7129,2881,3052,865,1970,2935,4871 92.78 ± 0.012 91.88 ± 0.019

Colon

 1976,1325,1993,1870,1892,653,1917,187,22,1209,1060 93.63 ± 0.025 97.27 ± 0.013

 377,792,14,1976,765,187,251,1110,175,53,1293,1740,200 93.00 ± 0.035 98.06 ± 0.013

 792,1423,14,1976,1909,1110,1589,102,107,1916,175,1151 93.73 ± 0.031 98.71 ± 0.013

 792,14,1976,765,1909,1524,1110,175,43,53,1293,1740,251 96.86 ± 0.033 99.05 ± 0.011

Tumors

 2131,1291,1798,1337 95.63 ± 0.025 96.27 ± 0.012

 3052,973,3041,3692,4796 95.00 ± 0.035 96.06 ± 0.015

 4628,7129,7045,4413,798 95.73 ± 0.031 96.71 ± 0.016

 7129,2881,3052,865,1970,2935,4871 95.86 ± 0.033 95.05 ± 0.013

DLBCL

 1291,798,437,2345 100 ± 0.00 100 ± 0.00

 2052,2973,3041,3692,4796 100 ± 0.00 100 ± 0.00

 4628,7129,7245,7413,8798 100 ± 0.00 100 ± 0.00

 7139,4831,3052,865,1970,3932,5871 100 ± 0.00 100 ± 0.00

Table 4.   Comparison of the gene selection algorithms using particular datasets with fivefold validation. 
Bold values in Table 4 indicate the best results. (IBPSO = Improved Binary Particle Swarm Optimization, 
IG-GA = Information Gain Genetic Algorithm, EPSO = Enhance Binary Particle Swarm. Optimization, 
mABC = Artificial Bee Colony Algorithm, BPSO-GCS-ELM = Binary Particle Swarm Optimization-Gene to 
Class Sensitivity-Extreme Learning Machine, SIW-APSO-ELM = Self Inertia Weight Adaptive Particle Swarm 
Optimization-Extreme Learning Machine).

IBPSO IG_GA EPSO mABC BPSO-GCS-ELM SIW-APSO-ELM

Leukemia Accuracy-Avg 98.34 ± 0.02 97.56 ± 0.32 95.11 ± 0.12 99.3 ± 0.01 100 ± 0.00 100 ± 0.00

Brain Cancer Accuracy-Avg 77.34 ± 0.35 77.23 ± 0.45 74.65 ± 0.32 79.34 ± 0.03 88.3 ± 0.02 90.21 ± 0.04

Colon Accuracy-Avg 93.45 ± 0.02 94.31 ±  93.23 ± 0.06 97.34 ± 0.09 97.38 ± 0.01 98.45 ± 0.01

SRBCT Accuracy-Avg 100 ± 0.00 100 ± 0.00 100 ± 0.00 100 ± 0.00 100 ± 0.00 100 ± 0.00

Lung Accuracy-Avg 95.86 ± 0.89 95.57 ± 0.23 95.67 ± 0.96 96.65 ± 0.56 94.78 ± 0.02 97.62 ± 0.01

Lymphoma Accuracy-Avg 100 ± 0.00 100 ± 0.00 100 ± 0.00 100 ± 0.00 100 ± 0.00 100 ± 0.00

11_Tumors Accuracy-Avg 95.06 ± 0.04 92.53 ± 0.07 95.92 ± 0.54 97.78 ± 0.23 97.88 ± 0.02 99.87 ± 0.10

DLBCL Accuracy-Avg 100 ± 0.00 100 ± 0.00 100 ± 0.00 100 ± 0.00 100 ± 0.00 100 ± 0.00



9

Vol.:(0123456789)

Scientific Reports |        (2024) 14:19613  | https://doi.org/10.1038/s41598-024-68744-6

www.nature.com/scientificreports/

rate for the four genes Brain Cancer, Lymphoma, 11_Tumors, and Colon is greatly impacted by the training 
examples and it improves over time as the model is trained.

Comparison with other classification models
The proposed approach has been evaluated against several state-of-the-art models, including IBPSO32, SVM33, 
IG_GA34, EPSO35, BPSO-GCS-ELM36, mABC37, and intelligent models38. This judgment was founded on the 
classification outcome and the number of genes irrespective of data dispensation and classification methods. 
The assessment outcomes on eight datasets are obtained in Table 4. From Table 3, the SIW-APSO-ELM method 

Table 5.   KCNN Classification Accuracy.

BPSO-GCS-ELM SIW-APSO-ELM

Leukemia Accuracy-Avg 100 ± 0.00 100 ± 0.00

Brain Cancer Accuracy-Avg 88.30 ± 0.65 90.21 ± 0.23

Colon Accuracy-Avg 97.38 ± 0.03 98.45 ± 

SRBCT Accuracy-Avg 100 ± 0.00 100 ± 0.00

Lung Accuracy-Avg 94.78 ± 0.02 97.62 ± 

Lymphoma Accuracy-Avg 100 ± 0.00 100 ± 0.00

11_Tumors Accuracy-Avg 97.88 ± 0.05 99.87 ± 0.04

DLBCL Accuracy-Avg 100 ± 0.00 100 ± 0.00

Table 6.   SVM classification accuracy.

BPSO-GCS-ELM SIW-APSO-ELM

Leukemia Accuracy-Avg 100 ± 0.00 100 ± 0.00

Brain Cancer Accuracy-Avg 88.3 ± 0.65 90.21 ± 0.23

Colon Accuracy-Avg 97.38 ± 0.01 98.45 ± 0.20

SRBCT Accuracy-Avg 100 ± 0.00 100 ± 0.00

Lung Accuracy-Avg 94.78 ± 0.04 97.62 ± 0.01

Lymphoma Accuracy-Avg 100 ± 0.00 100 ± 0.00

11_Tumors Accuracy-Avg 97.88 ± 0.01 99.87 ± 0.02

DLBCL Accuracy-Avg 100 ± 0.00 100 ± 0.00

Table 7.   Classification sensitivity and specificity with different gene subsets.

Number of selected genes Dataset names Accuracy (%) Sensitivity (%) Specificity (%)

7 SRBCT 100 ± 0.00 98.06 ± 0.09 100 ± 0.00

4 Leukemia 100 ± 0.00 97 ± 0.07 99 ± 0.13

7 Lymphoma 93.79 ± 0.020 90.23 ± 0.040 91.42 ± 0.10

11 LUNG 98.67 ± 0.019 95.34 ± 0.12 96.02 ± 0.11

6 Brain cancer 92.78 ± 0.012 94.16 ± 0.01 90.02 ± 0.11

13 Colon 96.86 ± 0.033 93.33 ± 0.30 92.12 ± 0.21

7 11_Tumors 95.86 ± 0.033 90.34 ± 0.20 91.16 ± 0.40

5 DLBCL 100 ± 0.00 97.56 ± 0.32 98.67 ± 0.03

Table 8.   Comparison of the proposed algorithm with modified Moth Flame Algorithm.

mMFA SIW-APSO-ELM

Leukemia Accuracy 99.6 ± 0.26 100 ± 0.00

SRBCT Accuracy 98.0 ± 0.20 100 ± 0.00

Lung Accuracy 94.78 ± 0.028 97.62 ± 0.011

DLBCL Accuracy 100 ± 0.00 100 ± 0.00
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achieves 100% accuracy on the Leukemia, DLBCL, and SRBCT data with the genes selected by the other methods. 
Table 8 shows that the proposed algorithm performs much better as compared to the latest algorithm because 
the proposed algorithm has been used to simplify the gene selection procedure39. It has been used to select the 
smallest gene subset pool from the primary gene pool which has been updating global position and extreme 
learning for the best selection of dense gene subsets from the accurate gene pool.

Comparison SIW‑APSO‑ ELM method with the KCNN and SVM
The proposed method achieved stunning performance with the other gene selection methods, such as BPSO-
GCS-ELM on public microarray data. The SIW-APSO- ELM is matched with the BPSO-GCS-ELM process on 
the eight data employing ELM and KCNN consistent results are recorded in Tables 5 and 6. From Tables 5 and 
6, KCNN and SVM were obtained with a fivefold CV Accuracy of 100% on the Leukemia and SRBCT data. The 
accuracy of the KCNN and SVM models is higher when using the genes identified by the SIW-APSO-ELM 
technique compared to the BPSO-GCS-ELM method for both colon cancer and lung cancer data. In the case 
of brain cancer, the SIW-APSO-ELM technique achieves more accuracy than the BPSO-GCS-ELM method for 
ELM. Similarly, for KCNN, the SIW-APSO-ELM method also yields higher accuracy compared to the BPSO-
GCS-ELM method. The findings presented in Tables 4 and 5 demonstrate that the suggested method surpasses the 
BPSO-GCS-ELM method, as well as other PSO variants, in terms of performance. In the context of brain cancer, 
the SIW-APSO-ELM technique achieves more accuracy than the BPSO-GCS-ELM method in ELM. Similarly, 

Table 9.   The proposed method with selected genes on Colon datasets.

No Name Description

65 H06524 Gelsolin precursor, plasma (human)

14 H20709 Sin alkali, smooth isoform (human)

1213 T92451 fibroblast and epithelial muscle

1976 K03474 Mullerian inhibiting substance gene,

179 T94579 Human chitotriosidase precursor mRNA

Table 10.   Proposed method with selected genes on leukemia datasets.

No Name Description

276 X62654 ME491 gene extracted from Sapiens gene antigen

1882 M27891 0.4549 CST3 Cystatin C

2288 M84526 DF D component

3985 X03934 GB DEF = T cell antigen T3-delta

1834 M23197 CD33 CD33 antigen

Table 11.   The proposed method with selected genes on the Lymphoma dataset.

No Name Description

1855 L17328_at Fasciculation and elongation

2045 1641X Cathepsin B; clone = 261,517

1467 1636X Osteonectin = SPARC;

2356 263X Similar to HuEMAP = (EMAP)

4940 U66559_at Anaplastic lymphoma

Table 12.   The proposed method with selected genes on SRBCT dataset.

No Name Description

1003 796,258 Sarcoglycan, alpha

1495 624,360 proteasome

1911 898,219 mesoderm-specific transcript (mouse) homolog

246 377,461 Caveolin 1, 22kD

1775 768,246 glucose-6
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in KCNN, the SIW-APSO-ELM method also outperforms the BPSO-GCS-ELM method in terms of accuracy. 
The BPSO-GCS-ELM technique chooses a smaller number of genes compared to the proposed method when 
applied to the Colon, Brain cancer, and Lung, including 11_Tumors and DLBC datasets.

Table 7 shows the accuracy, sensitivity, and specificity of the eight datasets. From Tables 5 and 6, we can 
observe that the proposed method performs an outstanding performance compared to the BPSO-GCS-ELM. 
From Fig. 3, the classification accuracy of Leukemia, DLBCL, and SRBCT achieved 100%. Figure 4 shows the 
ranks of genes from five independent runs on the two data sets, DLBCL and 11-Tumor, to assess the proposed 
method’s reproducibility.

Figure 3 shows the classification accuracy for different datasets of the proposed method. It shows that some 
of the selected genes are better converged than others. However, it also shows that these variations are due to 
different parameters for different datasets that can impact the convergence rate of the selected genes.

Biological analysis of the selected gene subsets
Biological experiments on different data have been conducted. The highest five often selected genes have been 
listed in Tables 9, 10, 11 and 12. Table 12 shows the top five frequently selected genes with the proposed method 
on SRBCT dataset. For classification, gene X03934 is very critical which is listed in Table 10. From Table 9, the 
genes H06524, H20709, T94579, T92451, and K03474 were also selected. From Table 11, the gene U66559_at 
is also an essential gene for anaplastic lymphoma kinase. Figure 4. Shows the ranks of selected genes by using 5 
independent runs on the two different datasets.

Conclusions
In this research, the gene subset classification is performed using a new variant of PSO along with an extreme 
learning machine (ELM). The algorithm is based on the SIWAPSO variant of swarm optimization to perform 
gene selection. The selection of prognostic genes with a small redundancy is a great challenge as the main draw-
back of a PSO-based gene selection method is its complexity. Gene selection is typically a two-step procedure. In 
the first step, data is initialized whereas in the second step, an improved inertia weight PSO is used to select the 

Figure 2.   Fold CV accuracy on the training data versus the iteration number of a proposed algorithm.
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optimal gene. In the proposed method, SIW-APSO-ELM is used to achieve the gene selection task. The proposed 
technique is more accurate in comparison to the traditional PSO. It updates the optimum position of the swarm. 
It is also an efficient technique as it decreases premature convergence of the swarm. The proposed method using 
the modified swarm optimization performs better than its counterparts with minimal error rates. The main 
algorithm contains an adaptive swarm optimization and an extreme machine learning method, which are more 
accurate and less complex than current state of the art methods. In the future, the ensemble learning and shal-
low deep learning frameworks with a few hidden layers may be employed to perform effective gene selection to 
reduce the processing time. The dataset may also be expanded to test the robustness of the proposed algorithm.

Data availability
All data supporting this study are openly available within the paper and online as open source, without 
restrictions".
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