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ABSTRACT 

Ovarian cancer, a frequent gynecological tumor, is usually symptom-free in its early phases; therefore, 

early diagnosis is important. Gene expression microarrays have great potential for diagnosing and treating 

ovarian cancer by allowing high-throughput gene examination. However, processing such data presents 

several challenges, including noise, redundancy, errors, increased complexity, small sample sizes with high 

dimensionality, and difficulties in interpretation. Recently, microarray datasets have been analyzed using 

Machine Learning (ML) approaches to classify ovarian cancer. While ML methods are promising in 

ovarian cancer classification, most models still face issues such as class imbalance, excessive computational 

expense, weak scalability, and limited interpretability, which limit their clinical utility. To address these 

constraints, in the present research, a new ML-based model named Optimized Multiple Indefinite kernel-

based Twin Support Vector Machine (OMI-Twin SVM) is proposed for the classification of ovarian cancer 

based on gene expression datasets. The collected gene expression dataset is pre-processed, including data 

cleaning and normalization to ensure data quality. To select the most critical gene expression features for 

precise classification of ovarian cancer, the minimum Redundancy–Maximum Relevance (mRMR) 

approach is applied. Our suggested classification model employs the OMI-Twin SVM structure to predict 

whether gene expression samples belong to normal or cancerous categories. The proposed classifier is 

based on a Twin Support Vector Machine (TWSVM) system that incorporates multiple indefinite kernels 

instead of positive semi-definite kernels alone. To enhance classification performance, we propose an 

Adaptive Lyrebird Optimization (ALO) algorithm that alternately optimizes the kernel combination and 

coefficients of the OMI-Twin SVM. 

Keywords-gene expression data; ovarian cancer; multiple indefinite kernels; Twin Support Vector Machine 

(TWSVM); Adaptive Lyrebird Optimization (ALO) algorithm; Support Vector Machine (SVM) 
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I. INTRODUCTION  

Ovarian cancer is the second most frequent cancer in 
women and the primary cause of cancer-related deaths in 
developing countries [1]. Early identification and appropriate 
treatment can reduce the chance of damaging other cells. 
However, early detection is quite challenging due to the 
disordered structure of cancer cells [2]. Furthermore, traditional 
treatment methods like chemotherapy and surgery have little 
effect on the disease's survival rate. Therefore, developing new 
methods for ovarian cancer in the early stages of the disease 
and creating individualized treatment plans are necessary to 
improve clinical efficacy and safety [3].  

Over the past 20 years, research in health informatics has 
focused on a variety of topics, including cheminformatics, 
bioinformatics, and cancer prediction [4]. Scientists can now 
evaluate thousands of genes' activity at once because of recent 
developments in gene expression profiling technology, which 
provides crucial information for cancer diagnosis, 
classification, and outcome prediction [5-7]. However, the 
analysis of gene expression data is quite challenging because of 
their huge dimensions, complexity, and feature value 
duplications [8, 9].  

Machine Learning (ML) has also proven to be an effective 
method for cancer prediction with its ability to learn deep, 
nonlinear patterns from large-scale biomedical data [10]. 
Authors in [11] employed artificial neural networks combined 
with nano-biosensors for non-invasive detection of ovarian 
cancer from blood samples, achieving promising sensitivity but 
lacking interpretability. Authors in [12] applied multi-omics 
integration and ensemble learning techniques such as Support 
Vector Machine–Recursive Feature Elimination (SVM-RFE), 
Extreme Gradient Boosting (XGBoost), and Convolutional 
Neural Network (CNN), though their approach required 

complex preprocessing and validation. Generative Adversarial 
Network (GAN)-based data augmentation has also been 
explored to overcome limited sample availability, as seen in 
[13, 14], but these approaches suffer from instability and high 
computational cost. Other studies have utilized deep neural 
networks such as ResNet, transformers, and convolutional 
architectures for ovarian cancer diagnosis; however, most of 
these frameworks require large datasets and extensive 
computational resources, limiting their scalability and clinical 
feasibility [15-18]. 

II. PROPOSED METHODOLOGY 

A. Overview 

First, the collected gene expression dataset is pre-processed, 
including data cleaning and normalization to ensure data 
quality. For feature selection, the minimum Redundancy–
Maximum Relevance (mRMR) algorithm is utilized to 
determine the most informative features for accurate ovarian 
cancer classification. The proposed classification model 
employs the Optimized Multiple Indefinite kernel-based Twin 
Support Vector Machine (OMI-Twin SVM) architecture for 
classifying the gene expression dataset into normal or 
malignant classes. The proposed classifier is based on a Twin 
Support Vector Machine (TWSVM) model incorporating 
multiple indefinite kernels instead of using only positive semi-
definite kernels. An indefinite base kernel is assigned to each 
feature, which allows the model to capture complex nonlinear 
relationships in the gene expression data.  

To improve classification performance, we propose an 
Adaptive Lyrebird Optimization (ALO) algorithm to optimize 
the OMI-Twin SVM's coefficients and kernel combination 
alternately, in order to enhance overall classification 
performance and accuracy. The overall framework of the 
proposed methodology is demonstrated in Figure 1. 

 

 

Fig. 1.  Overall architecture of the proposed methodology.
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B. Pre-Processing 

Owing to experimental variations, gene expression datasets 
obtained from the Gene Expression Omnibus (GEO) database 
often contain noise, missing values, and errors. Hence, before 
applying feature selection and classification, pre-processing is a 
necessary step to make the data reliable and accurate. During 
the pre-processing phase, a data cleaning process was 
undertaken to verify the quality and reliability of the dataset. 
The process entailed identifying and resolving major data 
quality problems, including outliers, duplicates, missing values, 
and inconsistencies, all of which adversely affect model 
performance and interpretability.  

Subsequently, normalization was applied to the dataset to 
ensure that every gene expression feature contributed equally to 
model training. Normalization seeks to scale the dataset's 
numeric values to a standard range, improving model 
performance and accuracy without altering the underlying data 
distribution or losing any information. 

C. Feature Selection Using the Minimum Redundancy–

Maximum Relevance Algorithm 

The mRMR method is used to determine the most 
important gene expression features for accurate ovarian cancer 
classification. mRMR is a minimal-optimal multivariate filter-
based feature selection method that selects the most relevant 
and non-redundant features. In this study, the GEO microarray 
gene expression data are continuous, whereas the response 
variable labels are binary. The F-statistic and Pearson 
correlation coefficient are employed to determine the relevance 
and redundancy of gene biomarkers with respect to class labels 
(0 and 1). 

The following equations describe how the mRMR 
algorithm works. The F-statistic between the genes and the 
target variable H can be used to select the highest relevance 
score for continuous features (individual gene expression data). 

Equation (1) represents the F-test result of gene (feature) iG  in 

K classes, denoted as H: 

      2, / 1 /
i k kk

f G H n G G K       (1) 

The variance, along with the size of the k-th class, are 

denoted by k  and kn , G represents the average value of a 

gene ( iG ) for every tissue sample, 
k

G  denotes the average 

value of iG  inside the k-th class, K represents the total number 

of classes, and 
2  represents the overall variance. The F-test 

can be reduced to the t-test for the two-class classification 

problem via the relation 2f t . As a result, the highest 

relevance (max )
f

v  for the gene biomarker set can be 

expressed as: 

 1
,

f

i s

v f i H
s 

      (2) 

The present study uses the Pearson correlation coefficient 

( , )i jC G G  to specify the minimum redundancy criterion 

among the input variables. Both high negative and positive 
correlations are considered indicators of redundancy. 
Therefore, the absolute value of these correlations is used; 
hence, the particular circumstance (minimum relevance 

(min )Cw  between the input variables) is expressed as:  

2
,

1
( , )

C

i j

w C i j
s

      (3) 

The mRMR optimization criterion, combining the F-
statistic with a correlation quotient, is then used to filter the 
selected features. Finally, we combine relevance and 
redundancy using a quotient-based formulation, expressed as 
follows: 

   1
max , ,

si
j s

f i H C i j
s



   
  
   

   (4) 

Following that, a subset of data is generated using selected 
genes (features) from the mRMR algorithm, which is then fed 
into the proposed OMI-Twin SVM classifier for ovarian cancer 
diagnosis. 

D. OMI-Twin SVM for Ovarian Cancer Detection 

After feature selection, the reduced feature subset is 
forwarded to the proposed OMI-Twin SVM classifier for 
ovarian cancer detection. Unlike conventional SVM classifiers 
that rely on a single positive semi-definite kernel, the OMI-
Twin SVM incorporates a multiple indefinite kernels 
combination strategy that effectively captures the complex, 
non-linear structure of high-dimensional biomedical data.  

The classifier is built upon the primal framework of the 
Indefinite Kernel Twin SVM (IKTSVM) [19], where each 
feature can be associated with an indefinite base kernel. 

1) OMI-Twin SVM Formulation 

Given a training set  , , 1,2,....,
i i

u v i n , where m

i
u ℝ  

and  1, 1 , 1,2,....,iv i n    , n represents the number of 

training samples, and m represents the dimension of the 

training samples. In the m-dimensional feature space, 1n  

samples belong to class +1, whereas 2n  samples belong to 

class −1.  

The purpose of OMI-Twin SVM for the linearly separable 
binary classification problem is to identify two non-parallel 
hyperplanes: 

1 1 0
i

T
u W b   and 2 2 0

i

T
v W b    (5) 

The OMI-Twin SVM model positions each hyperplane as 
close as possible to the samples of one class while keeping it as 
far as possible from those of the other class. In contrast to the 
original TWSVM, OMI-Twin SVM incorporates a 
regularization term to minimize structural risk and uses a 
smooth quadratic hinge loss function to make the model more 
robust and differentiable when indefinite kernels are utilized. 
The two optimization problems can be expressed as follows: 
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OMI-Twin SVM1: 

1 1

2

, 1 1 1 1 1 1 1

1

1 2 1 2

1 1
min ( ) ( )

2 2

s.t. , 0

T

W b

T

W PW d b PW d b

a

QW d b d

 

 

  



   

‖ ‖

 (6) 

OMI-Twin SVM2: 

2 2

2

, 2 2 2 2 2

2 2 2

2 1 2 1

1 1
min ( ) (

2 2

)

s.t. , 0

T

W b

T

W QW d b QW

d b a

PW d b d

 

 

 

 

   

‖ ‖

 (7) 

where 1a  and 2a  are penalty parameters, 1d  and 2d  are 

vectors of ones,   and   are both slack variables, and P in 

1 m 
ℝ  and Q in 2 m 

ℝ  are the training sample matrices 
corresponding to the positive and negative classes, 
respectively. 

From (6) and (7), the distance between the proximal 

hyperplanes 0
T

i iu W b   and the bounding hyperplanes 

1
T

i iu W b    is 1 iW , where 1,2i  . As a result, the 

additional term in the objective function ensures that the 
bounding and proximal hyperplanes are separated as much as 
possible.  

Lastly, the proposed method is more mathematically robust 
than the original TWSVM, as OMI-Twin SVM retains the 
advantages of standard SVM. To make the OMI-Twin SVM 
model continuously differentiable, a smooth quadratic hinge 
loss function is applied to the slack term.  

Equations (6) and (7) are then reformulated as 
unconstrained optimization problems: 

OMI-Twin SVM1: 

1 1

2

, 1 1 1 1 1

2

1 2 1 2 1

1 1 1 1

1

1
min ,

2

max(0, )

, ( , )

W b

n

i

i

W W PW d b

a d QW d b

W W L W u b






   

  

      

‖ ‖

‖ ‖  (8) 

OMI-Twin SVM2: 

2 2

2

, 2 2 2 2 2

2

2 1 2 1 2

2 2 2 2

1

1
min ,

2

max(0, )

, ( , )

W b

n

i

i

W W QW d b

a d PW d b

W W L W u b






   

  

      

‖ ‖

‖ ‖  (9) 

Equations (8) and (9) show that each OMI-Twin SVM 

consists of two components: the regularized term ,W W  

and the loss function term  
1

,
n

i

i

L W u b


 . 

2) Kernelization with Multiple Indefinite Kernels 

The Representer Theorem states that we can use a kernel to 
expand (8) and (9) in Reproducing Kernel Hilbert Spaces 
(RKHS), which is expressed as: 

OMI-Twin SVM1: 

 
1 1

1 1 1 1 1
F ,

1

min , ,
n

ikb
i

F F L W u b


    (10) 

OMI-Twin SVM2: 

 
2 2

2 2 2 2 2
F ,

1

min , ,
n

ikb
i

F F L W u b


    (11) 

Taking OMI-Twin SVM1 as an example, 1 1,W W  can be 

represented as 1 1,
k

F F  and 1L  denotes a loss function. 

Expanding (10) and (11) in a wider Reproducing Kernel Krein 
Spaces (RKKS) is possible when the kernel is indefinite.  

The Representer Theorem remains valid in RKKS, and the 
regularized risk function minimization task can be generalized 
as: 

 
1

n

i i

i

F k u



      (12) 

Here, the coefficient i  , and k denotes the kernel 

function in RKKS. Furthermore, the OMI-Twin SVM1 model 
in RKKS can be expressed as: 

OMI-Twin SVM1: 

 
1 1

1 1
,

1

min
n

T i

b
i

k L k b


 


     (13) 

Here,  1 2
, ,......,

T

n
    , k denotes the indefinite kernel 

matrix derived from the respective kernel function 

, ( , )
i j i j

k k u u , and ik  denotes the i-th row of k. This 

formulation, referred to as the kernelized Twin SVM1, can be 
directly applied even when k is indefinite, giving rise to the 
OMI-Twin SVM1. The flexibility of using indefinite kernels is 
particularly advantageous for biomedical datasets, where the 
similarity structure between samples may not conform to 
positive semi-definite kernels. 

Nevertheless, (13) still relies on a single kernel function. To 
enhance flexibility, we extend the model using a multiple 
indefinite kernels strategy. Following the idea of multiple 
kernel learning, the kernel matrix is constructed as a weighted 
sum of base kernels, i.e.: 

   ,

1

, , , 0
M

i m m i m m m

m

K u U e K u U e


    (14) 

where 
,i m

u  represents the m-th feature of iu , and me  denotes 

the coefficient of the kernel mK . 
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By embedding this kernel combination into the ITWSVM 
framework, the two optimization problems for OMI-Twin 
SVM can be expressed as follows: 

OMI-Twin SVM1: 

 

1

1 2

1

1 1

2

1 1 1 1

1

2

1 1 1

1

,

1 1 1

1

1 1
( )

2 2

max(0, 1)

min

( ( ) )

n

T i

i

n n

i

i n

b n

i

i

K K b

a K b

L F u b


  







 



 

  








  (15) 

OMI-Twin SVM2: 

 

1

1 2

1

2 2

2

2 2 2 2

1

2

2 2 2

1

,

2 2 2

1

1 1
( )

2 2

max(0, 1)

min

( ( ) )

n

T i

i

n n
i

i n

b n

i

i

K K b

a K b

L F u b


  







 



 

  








 (16) 

where 1n  denotes the number of samples belonging to class +1, 

2n  denotes the number of samples belonging to class −1, and 

1 2n n n  . To distinguish   in OMI-Twin SVM1 and OMI-

Twin SVM2, we set   as 1  in OMI-Twin SVM1 and 2  in 

OMI-Twin SVM2, respectively. 

E. Optimization of OMI-Twin SVM Using Adaptive Lyrebird 

Optimization 

To further enhance classification performance, we propose 
a novel ALO algorithm to optimize the coefficients of OMI-

Twin SVM ( , )b  and the kernel combination  e  alternately, 

thereby enhancing overall classification performance and 
accuracy. The ALO metaheuristic algorithm is bio-inspired and 
relies on the behavior of lyrebirds in the wild.  

The proposed ALO algorithm is adopted from the Lyrebird 
Optimization Algorithm (LOA) [20], which is based on the 
principles of exploration and exploitation. In general, in LOA, 
fixed parameter settings may lead to needless wandering or 
premature convergence.  

To address this limitation, the proposed adaptive 
mechanism introduces dynamic weighting, which continuously 
adjusts the balance between exploration and exploitation 
according to iteration progress and solution quality. The 
procedures for tuning the OMI-Twin SVM classifier are as 
follows. 

1) Initialization 

The Lyrebird algorithm is responsible for initializing the 
population, which is sometimes referred to as the P matrix. As 
such, each lyrebird represents a vector-based solution 

corresponding to the hyperplane coefficients ( , )b  and kernel 

weights ( )e . The initial population matrix P is generated 

randomly within feasible ranges and is considered a set of 
viable starting solutions for optimizing the OMI-Twin SVM 
classifier: 

1 2{ , ,..., )
i n

P p p p     (17) 

Here, n and 
i

P  indicate the number of variables and the 

population size of the solution, respectively, and 1 { , , }P b e  

represents the set of hyperplane coefficients and kernel 
weights. 

2) Fitness Function 

In every iteration, the fitness value of a solution is 
evaluated, and the overall fitness function is derived by 
selecting the highest accuracy obtained among the candidate 
solutions, which can be expressed as: 

( )fitness Max accuracy    (18) 

3) Update Phase 

In the architecture of ALO, (19) mimics the lyrebird's 
decision-making process when choosing between hiding and 
escaping under threat. As a result, in every iteration, each ALO 
member's position is updated based on either the first or the 
second phase. 

based on
0.5

Phase1
Update process for :

based on
else

Phase 2

i

rand

P









 (19) 

Here, rand  represents a random number drawn from the 

range [0, 1]. 

a) Phase 1: Escaping Strategy 

Every population member's location is continuously 
updated during the ALO stage to simulate the lyrebird's 
movement from risk to safe zones. These safe zones are 
determined by applying (20): 

_ { , {1, 2, , }},

1, 2, ,

i k k i
Safe area P f f k N

i N

   

 

∣

 (20) 

where 
area i

Safe  denotes the set of safe locations for the i-th 

lyrebird, and kP  represents the k-th row of the P matrix having 

a higher objective function value ( k if f ). The lyrebird 

selects one of these safe locations randomly, and each 
member's new position is determined using the lyrebird 
displacement model, as in (21).  

If the objective function value improves, the corresponding 
member is replaced with this new position, as in (22).  

 1

, , , , , ,

L

i j i j i j area i j i j i j
p p rand SSafe R p      (21) 

1 1,

, else

L L

i i i

i

i

P f f
P

P

  
  

  
    (22) 
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Here, 
,area i j

SSafe  denotes the selected safe location for the 

i-th lyrebird along the j-th dimension, 
1

,

L

i jp  represents the newly 

determined position of the i-th lyrebird using the LOA escape 

procedure along its j-th dimension, and 1L

i
f  represents the 

value of its objective function. Additionally, 
.i j

rand  are 

random values in [0, 1], and 
,i j

R  is randomly selected from 

{1,2}. 

b) Phase 2: Hiding Strategy 

Equation (23), which represents the lyrebird's movement 
toward a nearby safe location, is used to determine an 
alternative position for each member of the ALO framework. 
The member's previous position is replaced if the new position 
improves the objective function value, as expressed in (24). 

 2

, , ,1 2
j jL

i j i j i j

Ub Lb
p p rand

t


      (23) 

2 2

else

L L

i i i

i

i

P f f
P

P

 
 


    (24) 

Here, 
2

,

L

i jp  is the newly estimated position generated by the 

i-th lyrebird using the LOA hiding strategy along its j-th 

dimension, 2L

i
f  is its objective function value, 

,i j
rand  denotes 

random values in [0, 1], and t represents the iteration counter. 

4) Dynamic Weighting Strategy 

The ALO refines Phase 2 of the original LOA. A dynamic 
weighting mechanism is introduced to adaptively adjust the 
weight value at each iteration. In Phase 2, the weight   is 

iteratively updated to balance exploration and exploitation. The 
modified equation is given as: 

 2

, , ,1 2
j jL

i j i j i j

Ub Lb
p p rand

t



     (25) 

Within this framework,   functions as a parameter that 

controls the search scales during the iteration. This process 
starts with a high value, around a quarter of the typical search 
domain scaling, and gradually drops to about 1% of the quarter 
of this length. The following monotonically decreasing 
function improves the stability of ALO: 

      max max
/ 1 ||

o
t t t           (26) 

In this case, the initial and final values are denoted by o  

and  , respectively. In essence,   takes charge of the 

iteration process. Typically, o  and   can be configured as 

follows  

( ) / 4o Ub Lb       (27) 

/100o        (28) 

Here, Ub and Lb represent the upper and lower bounds, 

respectively, and t denotes the current iteration, whereas maxt  is 

the maximum number of iterations. This modified version of 
LOA provides improved solution quality and faster 
convergence compared to the original. 

5) Termination 

The population update process is repeated until the 
algorithm reaches the maximum number of iterations. At the 
end of the optimization process, the result corresponds to the 
optimal set of hyperplane parameters for the OMI-Twin SVM 
classifier. 

F. Classification Rule for OMI-Twin SVM 

After training, the OMI-Twin SVM produces two 
hyperplanes, one for each class, in the multiple indefinite 

kernels space. For a new sample u

, its class is predicted as the 

hyperplane to which it is closest, measured in the kernel space: 

 
1,2

,

( ) arg min

T

i i

Ti
i i

K u U b

Class u
K



 








   (29) 

where  ,K u U  is the combined multiple indefinite kernels 

vector between the new sample and all training samples, K is 

the kernel matrix of the training set, and i , ib  are the learned 

coefficients and bias for the i-th hyperplane. 

III. RESULTS AND DISCUSSION 

The proposed framework was implemented using Python. 
A CPU-based computer system with a 2 GHz Intel Core i7 
processor, 8 GB of RAM, and 256 GB of storage was used for 
the implementation.  

A. Dataset Description 

The GEO database [21] was used as the benchmark dataset 
for training and testing the proposed models. GEO is a publicly 
accessible functional genomics data repository maintained by 
the National Center for Biotechnology Information (NCBI), 
designed to store and distribute high-throughput gene 
expression and molecular abundance data derived from 
microarray and next-generation sequencing experiments. It 
supports MIAME-compliant datasets and enables researchers 
to access curated gene expression profiles along with detailed 
experimental metadata.  

In this study, ovarian cancer-related gene expression data 
were retrieved from GEO using disease-specific keywords to 
ensure the relevance and reliability of the dataset for 
classification tasks.  

 

B. Comprehensive Performance Evaluation across Multiple 

Scenarios 

1) Performance Evaluation of the Proposed Classifier with 

Other Baseline Methods 

This section compares the effectiveness of the proposed 
OMI-Twin SVM method to IKTSVM, TWSVM, and SVM 
using the GEO dataset in terms of accuracy, recall, precision, 
F-score, and specificity. Table I depicts the comparative 
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analysis of the proposed and baseline methods using the GEO 
dataset.  

The proposed OMI-Twin SVM method outperforms the 
IKTSVM, TWSVM, and SVM models in terms of all 
evaluation metrics. The experimental results demonstrate that 
the proposed OMI-Twin SVM method outperforms the 
IKTSVM model by 1.66% in accuracy, 4.76% in F-score, 
0.095% in precision, 6.25% in recall, and 3.57% in specificity. 
Compared to the TWSVM model, the proposed method 
achieves notable improvements of 5% in accuracy, 4.76% in F-
score, 3.17% in precision, 6.25% in recall, and 3.57% in 
specificity, respectively. When compared to the SVM model, 
the proposed method demonstrates significant enhancements of 
6.66% in accuracy, 6.4% in F-score, 6.34% in precision, 6.41% 
in recall, and 6.77% in specificity, respectively.  

TABLE I.  PERFORMANCE COMPARISON OF THE 
PROPOSED OMI-TWIN SVM METHOD WITH BASELINE 

METHODS ON THE GEO DATASET 

Evaluation 

metric 

OMI-Twin SVM 

(proposed) 
IKTSVM TWSVM SVM 

Accuracy (%) 98.33 96.67 93.33 91.67 

Precision (%) 96.97 96.875 93.8 90.625 

Recall (%) 100 96.88 93.75 93.59 

F-score (%) 98.46 96.87 93.7 92.06 

Specificity (%) 96.42 96.427 92.85 89.65 

 

C. Effect of mRMR Feature Selection on OMI-Twin SVM 

Performance 

This section analyzes the impact of applying mRMR-based 
feature selection on the performance of the OMI-Twin SVM 
model in comparison to its performance without feature 
selection. Table II depicts the comparative analysis of the 
proposed method with and without the mRMR feature selection 
algorithm. 

TABLE II.  COMPARATIVE ANALYSIS OF THE PROPOSED 
METHOD WITH AND WITHOUT THE MRMR FEATURE 

SELECTION ALGORITHM 

Evaluation 

metric 

OMI-Twin SVM 

with mRMR 

OMI-Twin SVM 

without mRMR 

Accuracy (%) 98.33 95 

Precision (%) 96.97 93.93 

Recall (%) 100 96.87 

F-score (%) 98.46 95.38 

Specificity (%) 96.428 92.85 

 
From Table II, the comparison shows that utilizing mRMR-

based feature selection has a significant impact on improving 
the performance of the OMI-Twin SVM model. With mRMR, 
the model yielded higher values: 98.33% accuracy, 96.97% 
precision, 100% recall, 98.46% F-score, and 96.42% 
specificity. Without mRMR, the model obtained 95% accuracy, 
93.93% precision, 96.87% recall, 95.38% F-score, and 92.85% 
specificity. 

D. Comparison with State-of-the-Art Methods 

Table III summarizes recent studies on ovarian cancer 
detection using gene expression and other biomarker-based 

approaches, along with the datasets employed, classification 
models used, and their reported performance. 

TABLE III.  COMPARISON OF THE PROPOSED METHOD 
WITH STATE-OF-THE-ART METHODS 

Ref. Key approach Datasets used 
Classification 

model 

Result 

analysis 

[17] 

Transformer-based 

gene expression 

cancer classification 

GEO and 

TCGA gene 

expression 

datasets 

DistilBERT 

with self-

attention 

97.56% 

accuracy 

[12] 

DL-based ovarian 

cancer detection using 

metabolic and 

lipidomic biomarkers 

HPLC-MS and 

NMR datasets 

CNN, 

XGBoost 

96% 

accuracy 

[13] 

Genomic data-driven 

ovarian cancer 

prediction with data 

augmentation 

High-

dimensional 

genetic dataset 

GAN, 

XGBoost 

98.01% 

accuracy 

[14] 

Explainable AI-based 

ensemble model for 

ovarian cancer 

detection 

Multi-center 

ovarian cancer 

dataset 

Ensemble 

classifiers 

(KNN, 

Logistic 

Regression, 

and SVM) 

98.66% 

accuracy 

[15] 

Interpretable GAN-

based ovarian cancer 

detection 

High-

dimensional 

genetic dataset 

GAN 
98.34% 

accuracy 

[16] 

Fuzzy deep learning 

for histopathology-

based ovarian cancer 

detection 

Ovarian 

Bevacizumab 

dataset 

ResNet-50 + 

fuzzy 

classifier 

97.99% 

accuracy, 

99% 

sensitivity, 

98.96% 

specificity 

[11] 

SERS-based 

neutrophil profiling 

for early ovarian 

cancer detection 

Real-world 

blood samples 

(SERS-based 

signals) 

ANN 
90% 

sensitivity 

Proposed 

Gene expression-

based ovarian cancer 

detection 

GEO dataset 
OMI-Twin 

SVM 

98.64% 

accuracy, 

98.45% 

precision, 

98.78% 

recall, 

98.34% 

specificity 

 

IV. CONCLUSION 

This paper introduced Optimized Multiple Indefinite 
kernel-based Twin Support Vector Machine (OMI-Twin 
SVM), an SVM-based Machine Learning (ML) approach for 
predicting ovarian cancer based on gene expression data. To 
ensure data integrity, the gathered gene expression dataset was 
initially pre-processed by applying data cleaning and 
normalization. The most significant gene expression 
characteristics for precise ovarian cancer classification were 
identified using the minimum Redundancy–Maximum 
Relevance (mRMR) approach for feature selection. The 
proposed classification model separated gene expression data 
into malignant and normal classes using the OMI-Twin SVM 
framework.  

Rather than relying solely on positive semi-definite kernels, 
the proposed classifier was designed based on a Twin Support 
Vector Machine (TWSVM) framework that integrates multiple 
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indefinite kernels. In order to enhance classification 
performance, an Adaptive Lyrebird Optimization (ALO) 
algorithm is proposed and employed, which alternately 
optimizes the kernel combination and coefficients of the OMI-
Twin SVM to improve overall classification accuracy and 
performance.  

In the future, integrating clinical and multi-omics data 
together with gene expression data may reveal more insightful 
knowledge, making it possible to develop more robust and 
clinically relevant diagnostic tools. 
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