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ABSTRACT  

 

DNA microarray is used to analyze gene expression on a large scale simultaneously and 
is a valuable tool for cancer diagnosis. The process of DNA microarray production starts 
by extracting RNA from the sample, which is converted into cDNA and scanned to 
generate gene expression data. However, the data acquired through this process is 
highly dimensional, influencing the performance of predictive models used for cancer 
detection. Consequently, the complexity of data needs to be minimized by dimensionality 
reduction. The aim of this research is to assess the effect of applying Principal 
Component Analysis (PCA) for dimensionality reduction, Genetic Algorithm (GA) for 
feature selection, and the combination of both in the classification of microarray data with 
Support Vector Machine (SVM). Datasets used are microarray datasets including breast 
cancer, ovarian cancer, and leukemia. The methodology of research involves 
preprocessing, PCA for reducing dimensions, GA feature selection, data splitting, SVM 
classification, and evaluating performance. According to the results, PCA dimension 
reduction coupled with GA feature selection and SVM classification gave the best results 
compared to other classifications. On the breast cancer dataset, the accuracy was 
highest at 73.33%, recall was 0.74, precision was 0.75, and the F1 score was 0.73. For 
the ovarian cancer dataset, accuracy was up to 98.68%, recall was 0.98, precision was 
0.99, and F1 score was 0.99. For the leukemia dataset, accuracy was up to 95.45%, 
recall was 0.94, precision was 0.97, and F1 score was 0.95. It can be stated that the use 
of PCA to reduce features coupled with GA for feature selection in the classification of 
microarray can simplify the data and improve the SVM classification model accuracy. 
The finding of this study emphasizes the effectiveness of applying PCA and GA methods 
for enhancing the classification accuracy of microarray data. 
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1. INTRODUCTION  

One of the technological advancements in bioinformatics 
in recent years is DNA Microarray. DNA microarray 
technology is used to determine gene expression levels in 
large and varying quantities simultaneously within a single 
experiment [1]. This technology offers benefits in various 
biological studies, including cancer detection. In its use for 
cancer detection, classification methods are employed, 
allowing medical professionals to diagnose whether a 
person has cancer. Despite its great utility, DNA 
microarray has the characteristic of having very high 
dimensionality with a limited number of samples, which 
affects the results of gene expression classification [2]. To 
address this limitation, dimensionality reduction becomes 
an important step to simplify the data without losing too 
much information, thus improving the classification 
model's performance. 

Several studies on DNA microarray classification have 
been conducted. For example, the study [3] compared 
various classification methods such as SVM, Multi-Layer 
Perceptron, Decision Tree, Random Forest, and K-

Nearest Neighbors (KNN). The results showed that SVM 
achieved the highest accuracy of 99% on the chronic 
obstructive pulmonary disease (COPD) dataset 
compared to other classification methods.  

The study by [4] used Principal Component Analysis 
(PCA) dimensionality reduction and Linear Discriminant 
Analysis (LDA)-based classification for colon cancer 
detection, achieving a 29.04% increase in accuracy 
compared to the classification accuracy without PCA, 
which was 58.06%. This research demonstrates that PCA 
can improve microarray data classification performance 
by eliminating noise and reducing the number of features 
in the dataset. The study [5] used Genetic Algorithm (GA) 
and Differential Evolution (DE) feature selection methods 
for microarray data classification. The GA feature 
selection method achieved an accuracy of 93% on the 
prostate dataset, higher than the performance of the DE 
method, which achieved 90%. This shows that using GA 
feature selection can effectively classify microarray data. 
The study [6] used machine learning algorithms SVM, 
KNN, and Naive Bayes for microarray data classification. 
The results showed that SVM outperformed the KNN and 
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Naive Bayes classification methods, achieving an 
average accuracy of 88% across the three datasets used. 
The study [7] used Spider Monkey Optimization to classify 
microarray data with KNN, Decision Tree, Naive Bayes, 
Random Forest, and SVM, where SVM achieved the 
highest accuracy of 100%.  

This shows that SVM is the most effective classification 
method for microarray data, consistently outperforming 
other algorithms in terms of accuracy. In recent studies on 
microarray data classification, dimensionality reduction 
and feature selection are combined to obtain the most 
significant feature subsets from the data. In the study [8], 
the Information Gain (IG) feature selection method was 
combined with the GA method for microarray data 
classification. The combination of these two methods 
resulted in higher accuracy (85.71%) for the brain cancer 
dataset, compared to using the IG method alone, which 
achieved only 73.81%. The study [9] compared the 
combination of Independent Component Analysis with 
PSO feature selection and the combination of 
Independent Component Analysis with GA feature 
selection for microarray data classification using Naive 
Bayes, and the results showed that the ICA+GA 
combination achieved a higher accuracy of 96.68%, 
compared to 95.45% for the ICA+PSO combination on the 
Acute Leukemia dataset. This demonstrates that using a 
combination of two dimensionality reduction or feature 
selection techniques can improve accuracy in microarray 
data classification.  

PCA is used to reduce the dimensionality of the dataset 
by transforming it from correlated dimensions into 
uncorrelated dimensions [10]. Next, GA will be used as a 
feature selection method to choose informative features 
from the results of dimensionality reduction. GA is a 
feature selection method that applies the concept of 
natural selection, where only the best individuals survive 
and are reused in the next selection process. GA is a type 
of wrapper feature selection method that produces more 
effective performance compared to filter-based feature 
selection methods, with a smaller subset of features [11] 
The classification process of the feature-selected data will 
be performed using the SVM algorithm. According to [12], 
SVM uses linear functions in high-dimensional features 
based on optimization theory to train the classification 
model. Before building the SVM model, the kernel function 
needs to be determined, such as polynomial, linear, or 
radial basis function (RBF), which plays an essential role 
in the learning process [13]. The study [14] used SVM with 
the RBF kernel, achieving the highest accuracy of 99.8% 
compared to other SVM kernels. Based on this, the RBF 
kernel will be used in this study as the kernel trick in the 
SVM classification method. 

PCA was applied in this research because it is able to 
reduce the dimension of the dataset without losing 
variance by converting correlated variables into 
uncorrelated principal components. PCA is also more 
tolerant of high-dimensional data and is unsupervised, as 

opposed to LDA, which needs labeled samples. While ICA 
was available, it is far more effort and less interpretable. 
The GA natural selection, however, was used for feature 
selection because it dynamically optimizes good features 
based on classification performance and hence is 
extremely helpful in the scenario of microarray data. SVM 
with an RBF kernel for classification, GA for feature 
selection, and PCA for reducing dimensionality are 
combined in this research. There are four test 
environments that will be utilized for the comparison of the 
performance of each method: (1) SVM classification 
alone, (2) SVM classification plus PCA, (3) SVM 
classification plus GA, and (4) classification using both 
PCA and GA together with SVM. Classification 
performance will be likened by means of the accuracy, 
precision, recall, and F1-score measures. Comparison 
will also be conducted with baseline models to determine 
if PCA+GA enhances microarray classification by SVM. 

 

2. MATERIALS AND METHOD  

In this study, the research flow is used to describe the 
steps taken for each test. Figure 1 shows the research 
flow used.   

A. Data Collection 

This study uses three gene expression microarray 
datasets: Breast Cancer, Ovarian Cancer, and Leukemia 
[15]. Descriptions of these three datasets can be seen in 
Table 1. 

 

Table 1. Description of the Datasets Used 

Dataset Number of Data Number of 
Features 

Breast Cancer 97 24.481 

Ovarian Cancer 253 15.154 

Leukemia 72 7129 

 

The breast cancer dataset has 97 data and 24,481 
features consisting of 2 classes, namely relapse with 46 
data and non-relapse with 51 data. In the ovarian cancer 
dataset there is a total of 253 data and a total of 15,154 
features consisting of 2 classes, namely normal with 91 
data and cancer consisting of 162 data. Meanwhile, the 
leukemia dataset has a total of 72 data and a total of 7129 
features consisting of 2 classes, namely Acute 
Lymphoblastic Leukemia (ALL) with 47 data and Acute 
Myeloid Leukemia (AML) with 25 data. 

 

B. Data Preprocessing  

Both data normalization and label encoding were used 
as preprocessing process. The Binary Encoding method 
was used to encode labels, transforming categorical 
labels into a numerical representation between 0 and 1. 
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To ensure that sure all feature values were inside the 
range [0,1], normalization was executed out using Min-
Max Normalization to prevent the dominance of features 
with larger value ranges over other features in the 
classification model. 
 
1. Label Encoding 
Label encoding is a method used to convert categorical 
data in the form of text labels into numeric format [16]  In 
this research, the encoding process is carried out using 
the Binary Encoding method, which converts the data on 
the "Class" feature which is still a string into binary 
numbers (0 and 1). 
2. Data Normalization 
The main purpose of normalization is to scale all features 
in the dataset, so that no feature with a larger value 
dominates or exerts excessive influence on the analysis 
or model that uses the data. In addition, normalization can 
also help reduce the computation time of the model, as 
well as ensure that the feature values in the dataset have 
a balanced range without changing the information 
contained in it [17].  
One of the commonly used data normalization methods 
for classification is Min Max Normalization Min-Max 
normalization is a method in data processing used to 
transform the values in a dataset into a specific range, 
usually between 0 and 1 [18] The following equation is 
used in Min Max Normalization: 

 

𝑥′ =
𝑋 − 𝑋𝑚𝑖𝑛

𝑋𝑚𝑎𝑥 − 𝑋𝑚𝑖𝑛
  (1) 

  

C. Dimensionality Reduction 
Dimensionality reduction is a reduction in the number 

of dimensions in a dataset with the consideration that 
important information in the dataset is maintained after the 
process is carried out [16]. In this research, the 
dimensionality reduction method used is Principal 
Component Analysis (PCA). PCA is paka n a multivariate 
statistical method that performs a linear transformation of 
an initial set of features into a smaller, uncorrelated set of 
features, and is able to represent information from these 
initial features [19] The steps to perform PCA 
dimensionality reduction according to [20] are as follows:  

 
1. Suppose 𝑋 is the input matrix to perform PCA, 

where 𝑋 is the normalized data with dimension 

.𝑛 × 𝑚 

 
2. Calculate the mean value of each feature in the 

dataset using equation (2). 

𝑋̅ = ∑
1

𝑋𝑖

𝑛

𝑖=1

           (2) 

  

3. Calculating the covariance matrix using equation (3) 

 

 
Figure. 1. Research Flow 
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𝐶𝑥 = 
1

𝑛 − 1
 ∑(𝑋𝑖 − 𝑋̅)(𝑋𝑖 − 𝑋̅)𝑇

𝑛

𝑖=1

                    (3) 

 
4. Next is to calculate the eigenvalue  𝜆𝑚  and 

eigenvector 𝑣𝑚 based on the covariance matrix using 

equation (4). 
 

𝐶𝑥 ∙ 𝑣𝑚 =  𝜆𝑚 ∙ 𝑣𝑚             (4) 

5. Sort the eigenvalues from largest to smallest. A large 
eigenvalue shows how much data variance is 
explained by the eigenvector. 

 
6. The last steps is to transform the data using the 

eigenvector that has been selected to produce a new 
data representation with smaller dimensions but still 
maintaining the largest variance of the original data. 
The following is the equation:  

 
𝑋𝑃𝐶𝐴 = 𝑥′. 𝑣𝑚          (5) 

To reduce the dimension of PC based on 
eigenvalues, one of the commonly used parameters is 
using proportion of variance (PPV). PPV calculation can 
be done using equation 6. 
 

𝑃𝑃𝑉 =  
𝜆𝑚

∑ 𝜆𝑖
𝑝
𝑖=1

           (6) 

  

D. Feature Selection 
Feature selection aims to select the smallest number 

of feature subsets that include individually relevant 
features and interactions between features, so as to 
explain differences between classes with minimal loss of 
information [21]. In this research, the feature selection 
method used is Genetic Algorithm (GA). GA is a feature 
selection method that applies the concept of natural 
selection, where only the best individuals can survive and 
be reused in the next selection process. According to 
[8]there are four main steps that are generally used in GA, 
namely  

1. Chromosome encoding: this process is done by 
randomly generating a series of binary numbers with 
a length according to the number of features.  

2. Population initialization: at the initial stage, the GA 
randomly generates an initial population of 
chromosomes representing a subset of potential 
features where the number of chromosomes formed 
corresponds to the specified population size. 

3. Fitness value evaluation: fitness value states how 
good the value of an individual or optimal solution is 
obtained. The fitness value in this study uses the 
accuracy value of the results of the machine learning 
method classification process  

4. Reproduction: in GA there are 3 genetic operations 
used, namely: 

Selection: The selection process aims to select the 
chromosomes that will serve as parents for new 
offspring. 
Crossover: The crossover process is done by 
randomly swapping some genes from two parents' 
chromosomes to produce a new chromosome 
(offspring).  
Mutation: Mutation in GA is performed randomly from 
the offspring chromosome by changing the gene 
value from 0 to 1 or vice versa.  

GA iteratively evolves the chromosomes through a 
process of fitness evaluation and reproduction in order to 
obtain a better solution. This process stops when it 
reaches certain stopping criteria such as the number of 
iterations or reaches a condition where there is no 
significant improvement in the solution (convergent). The 
individual with the highest fitness value is then considered 
the best solution[22] 

 
E. Data Splitting 

Data Splitting data is done by dividing the data into 
two parts, namely data for the training process and data 
for the testing process. Training data will be used to train 
the classification model, while testing data will be used to 
test the performance of the model. Research [23], using 
70% training data division and 30% testing data for SVM 
classification in Alzheimer's disease, the results obtained 
an accuracy of 98.16% greater than using k-fold cross 
validation with an accuracy obtained of 94.65%. Based on 
this, this research will use a data comparison ratio of 70% 
for training data and 30% for testing data. 

 
F. Classification 

The microarray data classification process is carried 
out using the Support Vector Machine (SVM) method. The 
concept of SVM classification is to separate data from 
various classes by finding the optimal hyperplane that 
maximizes the margin between classes. In its application, 
SVM uses a kernel to map non-linear data to a higher 
dimensional space to make it easier to separate. In this 
research, the kernel used is the RBF kernel. To build an 
SVM classification model using the RBF kernel, there are 
two parameters that must be determined first, namely C 
and Gamma. In research [24]SVM classification with RBF 
kernel using parameter C = 1 and gamma = "scale" 
produces good performance with 77.08% accuracy. 
Therefore, in this study the parameter values used for 
SVM classification with RBF kernel are C = 1 and 
gamma= "scale" which is calculated using equation 7.  

𝑔𝑎𝑚𝑚𝑎 =
1

𝑛𝑓𝑖𝑡𝑢𝑟 . 𝑣𝑎𝑟()
          (7) 

 
The following is the equation used in the SVM 
classification process [1]: 
 

𝑤⃗⃗ ∙ 𝑥 + 𝑏 = 0          (8) 
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For class +1  
 

𝑤⃗⃗ ∙ 𝑥 + 𝑏 ≥ 1          (9) 

and for class -1  
 

𝑤⃗⃗ ∙ 𝑥 + 𝑏 ≤ −1  (10) 

In order to determine the optimal hyperplane for both 
classes using the equation: 
 

𝑚𝑖𝑛𝑤

1

2
(||𝑤⃗⃗ ||)

2
  (11) 

with 
 

𝑦𝑖(𝑥𝑖⃗⃗  ⃗, 𝑤⃗⃗ + 𝑏) − 1 ≥ 0  (12) 

Where 𝑥𝑖⃗⃗  is the i-th input data to find the value of w and b 

parameters, while the value of 𝑦
𝑖
 is the output data. Then 

the decision function on the RBF kernel is done with the 
equation:  

𝑅𝐵𝐹 ∶ 𝐾 (𝑥𝑖⃗⃗  ⃗, 𝑥𝑗⃗⃗  ⃗) =  𝑒𝑥𝑝 (−
‖𝑥𝑖 − 𝑥𝑗‖

2

2𝜎2 )  (13) 

 
Where 𝑥𝑖 and 𝑥𝑗 are vectors from the feature space, and 

σ is a free parameter that controls how quickly the 
distance between two points will lose its influence on the 
kernel value. 

 
G. Model Evaluation 

A confusion matrix is used in this study as a metric to 
evaluate the classification model's quality. An open 
assessment of the model's correctness is made possible 
by a confusion matrix, which is a table format that shows 
the number of test data examples that are properly and 
wrongly classified [25]. The confusion matrix can be used 
to get the following metrics [26]. 

1. Accuracy, which is a metric that measures how 
accurate the model is in classifying the data correctly.  

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 = 
𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁
    (14) 

 
2. Precision, a metric that describes how many positive 

predictions are correct. 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =  
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
  (15) 

 
3. Recall is a metric that describes how well the model 

is able to find positive data. 

𝑅𝑒𝑐𝑎𝑙𝑙 =  
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
  (16) 

 
4. F1 score, which is the average comparison between 

precision and recall. 

𝐹1 𝑠𝑐𝑜𝑟𝑒 = 2 × 
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛×𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛+𝑅𝑒𝑐𝑎𝑙𝑙
          (17) 

 

3. RESULTS  
A. Data Preprocessing Result 

Data preprocessing is done using two stages, namely 
label encoding and data normalization. Label encoding is 
done using binary encoding. This label encoding process 
is necessary because some machine learning methods 
such as SVM can only work with category labels in the 
form of numeric data. Table 2 shows the label encoding 
results for each dataset 

Table 2. Label Encoding for Each Dataset 

Dataset Before Label 
Encoding 

After Label 
Encoding 

Breast Cancer 

relapse 1 

non-relapse 0 

Ovarian Cancer 
normal 1 

cancer 0 

Leukemia 
ALL 0 

AML 1 

 
B. Dimensionality Reduction Result 

The dimensionality reduction process is done by 
selecting the eigen vectors and eigen values generated 
from the covariance matrix. To determine how many 
Principal Components (PCs) are retained, proportion of 
variance (PPV) is used with various threshold values.  

The threshold value determines how many PCs are 
selected during the dimensionality reduction process. 
According to [27], 70% threshold is the minimum limit 
point to determine how many PCs should be retained. 
Meanwhile, research [28] uses a variance proportion of 
100% and gets the number of PCs resulting from PCA 
dimensionality reduction as many as 61 PCs from a 
dimension of 62 × 2,000.The number of PCs in an 
analysis is determined by the Proportion of Variance 
Explained (PPV), with a kumulatif threshold of 70%, 80%, 
90%, 95%, and 100%. This threshold is used to determine 
the minimal PC that is still able to support the largest 
amount of variation in the dataset, hence reducing the 
dimensions without compromising important information. 
In this study, PPV is calculated for the datasets of breast 
cancer, ovarian cancer, and leukemia in order to 
determine the number of ideal PCs used in the 
classification process. The cumulative value of PPV on 
the leukemia dataset is shown in Table 3. Based on Table 
3, It can be seen that to get a PPV of 100%, 71 PCs are 
required. In addition, PC 1 is known to be the PC with the 
largest eigenvalue of 41.747810 which represents a 
variance proportion of 16.077206%. This eigenvalue then 
continues to decrease until PC 71 of 0.900398, while PCs 
below 71 are not selected because they do not have 
enough information.  
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Table 3. Cumulative PPV Value on Leukemia Dataset 

PC Eigen Value 
Total PPV 

(%) 

1 41.75781 16.077206 

2 24.695514 25.585244 

3 12.368428 30.347221 

4 10.263153 34.298645 

5 9.015112 37.769561 

6 8.121143 40.896288 

7 6.878518 43.544591 

….. …. ….. 

….. …. ….. 

….. …. ….. 

….. …. ….. 

….. …. ….. 

      

60 1.32768 95.412081 

61 1.28187 95.905615 

66 1.071141 98.116144 

67 1.051194 98.520865 

68 1.028532 98.916861 

69 0.971105 99.290747 

70 0.941766 99.653337 

71 0.900398 100 

The number of PCs retained for each PPV value can 
be seen in Table 4. From these results, it is known that as 
the PPV increases, the more the number of PCs retained 
on the breast cancer, ovarian cancer, and leukemia 
datasets if a threshold of 70% is used, the number of PCs 
retained are 20, 4, and 25, respectively. Meanwhile, if a 
threshold of 100% is used, the number of PCs retained 
are 96, 252, and 71, respectively.  

Table 4.  Number of PC for Each PPV Value 

PPV 
(%) 

Number of PC  

Breast  Ovarian Leukemia 

70 20 4 25 

80 33 5 37 

90 55 12 51 

95 71 24 60 

100 96 252 71 

 
C. Feature Selection Result 

In the Principal Component Analysis (PCA) 
dimensionality reduction procedure, the Genetic 
Algorithm (GA) was utilized for feature selection in this 

investigation. As indicated in Table 5, the datasets were 
split into 70% training data and 30% test data prior to the 
use of GA.To prevent data leaking, which could result in 
inaccurate model evaluation and excessively optimistic 
performance estimations, feature selection was limited to 
the training data. This ensured that information from the 
test data did not affect the feature selection process. 

Table 5. Data Splitting for Each Dataset 

Dataset 

Total Data 

Training Data 
(70%) 

Testing Data 

 (30%) 

Breast Cancer 67 30 

Ovarian Cancer 177 76 

Leukemia 50 22 

 

GA was set up to have a population of 20 people and 20 
iterations per generation.Rank selection was used for the 
individual selection process, and the crossover 
mechanism was used with 0.6, 0.8, and 0.9 probability as 
well as 0.02, 0.05, 0.1, and 0.5 for mutation.After a 
predetermined number of iterations, convergence criteria 
were established based on the fitness value not showing 
any discernible improvement. References to earlier 
research and pilot experiments served as the basis for 
choosing these settings in order to optimize feature 
selection while preserving crucial dataset information. 
The GA feature selection process begins with random 
population initialization using binary coding. The 
population size was set at 20 individuals, and the 
chromosome length was adjusted to the number of 
dataset features. Each chromosome had its fitness value 
calculated based on the SVM classification accuracy 
value. Selection is performed using the rank selection 
method to select the parent chromosome, which then 
undergoes crossover with a predetermined probability in 
Table 6  

Table 6. GA Parameters 

Dataset Values Source 

Number of 
Population 

20 

[29], [8], [30], [31], 

[32], [33] 

Generation 20 

Crossover 

Probability 

0.6, 0.8, and 

0.9 

Mutation Probability 
0.02, 0.05, 

0.1 and 0.5 

 

This Figure 2 shows how the Genetic Algorithm's (GA) 
fitness value changed over 20 generations using the 
breast cancer dataset. Early on, the solution has not 
improved much, as evidenced by the fitness value being 
steady at about 0.75 until the 13th generation. The 14th 
generation showed some slight gains, suggesting that the 
crossover and selection processes were starting to yield 
better feature combinations. Mutation also helped to keep 
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the population diverse so that it wouldn't become stuck in 
locally inefficient solutions.Generations 18 to 20 see a 
notable jump in fitness, rising to 0.82, suggesting that 
selection, crossover, and mutation have all worked 
together to find an alternate solution. The best condition 
is reached when the fitness value rises noticeably and 
eventually stabilizes, signifying that the ideal solution has 
been discovered. In this procedure, the GA progressively 
finds the best answer from generation to generation.The 
individual with the highest fitness value is then considered 
the best solution[22].  

 
Figure. 2. Graph of Fitness Value on Breast Cancer Dataset 

 

This Figure 3 displays a development of the GA's 
fitness value during 20 generations for the Ovarian 
Cancer dataset. So until about the eighth generation, the 
fitness value initially hovers around 0.945 with minor 
oscillations, suggesting that the solution has not made 
much progress. Between the ninth and eleventh 
generations, there was a noticeable increase, suggesting 
that the crossover and mutation process was successful 
in producing a superior feature combination, which raised 
the fitness value considerably. The fitness value stays 
constant until the 20th generation, after peaking at about 
0.965 in the 11th generation. This suggests that the ideal 
solution has been discovered and that no more progress 
is made by following iterations. 

 

Figure. 3. Graph of Fitness Value on Ovarian Cancer Dataset 
 

This Figure 4 shows the change in fitness value in 
the GA on the leukemia dataset over 20 generations. In 

the early stages, the fitness value stabilizes around 0.86 
until the 5th generation, indicating that the solution has 
not improved significantly. A sharp spike occurred in the 
6th generation, where the fitness value increased 
significantly to reach 0.88. This increase indicates that the 
selection, crossover and mutation processes have 
successfully optimized a better combination of features, 
thereby drastically improving the performance of the 
model in a short period of time.After this spike, the fitness 
value remains stable until the 20th generation, indicating 
that the optimal solution has been found early, and 
subsequent iterations no longer provide further 
improvement in performance. 

 
Figure. 4. Graph of Fitness Value on Leukemia Dataset 

 

 

Figure 5. SVM Classification Evaluation Graph 

 

D. SVM Classification 

The model is built using all data and features from the 
dataset. The data is divided into 2 parts, namely training 
data used to train the model with a 70% ratio, and testing 
data to test the performance of the model with a 30% ratio. 
The kernel used is the RBF kernel with a parameter value 
of C = 1 and a gamma value calculated using equation 7. 
Based on the accuracy and evaluation results of SVM 
classification displayed in Figure 5, on the breast cancer 
dataset the resulting performance is quite low, namely 
60% accuracy, recall 60%, precision 59%, and F1 score 
58%. On the ovarian cancer dataset, the performance is 
very good, namely 97.37% accuracy, recall 96%, 
precision 98%, and F1 score 97% and on the leukemia 
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dataset the accuracy value is 86.36%. recall 81%, 
precision 91%, and F1 score 81%. 

 

E. SVM Classification with PCA 

In order to minimize the dataset's dimensions, the PCA 
approach is used to build the model first. How much PC 
is kept is determined by the PPV parameter. It is visible 
from analyzing Table 7 PPV parameter that the SVM 
classification parameters—in particular, PC and 
Gamma—differ depending on the dataset. The findings 
show that, for all datasets, PC values continue to improve 
as PPV does, but Gamma values continue to fall. Table 7 
shows that the SVM classification parameters utilized are 
still the same as those from the previous model used. 

 

Table 7. the SVM classification parameters PCA 

Dataset 
PPV 

(%) 
PC Gamma 

Breast 
Cancer 

70 20 0.002281 

80 33 0.002053 

90 55 0.001858 

95 71 0.001771 

100 97 0.001693 

Ovarian 
Cancer 

70 4 0.002562 

80 5 0.002447 

90 12 0.002182 

95 24 0.002067 

100 252 0.001968 

Leukemia 70 25 0.005186 

80 37 0.004563 

90 51 0.004142 

95 60 0.003940 

100 71 0.003768 

 

 
Figure 6. Classification Evaluation Graph of PCA + SVM 

Based on the PCA + SVM classification results shown 
in Table 7, it can be seen that increasing PPV along with 
the number of PCs generated does not always indicate 
better performance. The performance increases gradually 
from 70% - 90% PPV, but decreases afterwards because 
there are more PCs with small eigenvalues that can 
interfere with PCs with informative data in the 
classification process. The best performance obtained 
from this test is then evaluated and the results can be 
seen in Figure 6.  

In the breast cancer dataset, the best performance 
was obtained using 90% PPV which resulted in 55 PCs, 

73.33% accuracy, precision 74%, recall 74% and F1-

score 73%.  In the ovarian cancer dataset, the best 

performance was achieved by producing 24 PCs, 97.37% 

accuracy, precision 98%, recall 96%, and F1-score 97% 

obtained when using PPV 95%. While in the leukemia 
dataset, the best performance was obtained by using 70% 
PPV which resulted in 25 PCs, 86.36% accuracy, 

precision 91%, recall 81%, and F1-score 84%. 

 

F. SVM Classification with GA 

This test was conducted using GA feature selection first 
to select the best features from the dataset. Parameter 
combinations of crossover probabilities with values of 0.6, 
0.8 and 0.9 and mutation probabilities with values of 0.02, 
0.05 0.1, and 0.5 are used to obtain more chromosome 
variations and determine their effect on classification 
performance. Table 8 shows that the SVM classification 
setup is still the same as it was for the previous model 
being used.  

Table 8. Parameter Optimization GA for SVM Classification 

Dataset Pc Pm Gamma 

Breast 
Cancer 

0.6 0.02 0.000928 

0.6 0.05 0.000926 

0.6 0.1 0.000944 

0.6 0.5 0.000930 

0.8 0.1 0.000925 

0.9 0.1 0.000938 

Ovarian 
Cancer 

0.6 0.02 0.002953 

0.6 0.05 0.002975 

0.6 0.1 0.002977 

0.6 0.5 0.002994 

0.8 0.1 0.003002 

0.9 0.1 0.002923 

Leukemia 0.6 0.02 0.004843 

0.6 0.05 0.004749 

0.6 0.1 0.004724 

0.6 0.5 0.004822 

0.8 0.1 0.004690 

0.9 0.1 0.004719 
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Based on the evaluation results of GA+SVM 

classification evaluation results shown in Figure 7, on 

breast cancer dataset, the best performance is obtained 

with 63.33% accuracy, precision 63%, recall 62% and F1-

score 62%. While on the ovarian cancer dataset, the best 

performance was obtained with 97.37% accuracy, 

precision 98%, recall 96%, and F1-score 97%. And on the 

leukemia dataset, the best performance was obtained 

with an accuracy of 90.91%, precision 94%, recall 88%, 

and F1-score 90%. 

 

Figure 7. GA + SVM Classification Evaluation Graph 

 

G. SVM Classification with PCA and GA 

The last test is carried out using PCA for 
dimensionality reduction first, the dataset that has been 
reduced in dimension will then be selected for its best 
features through GA feature selection and finally the 
dataset with the selected feature subset is used as input 
in SVM classification. The PPV parameter value used for 
PCA is taken based on the best performance in the 
previous test, namely 90% PPV for breast cancer dataset, 
95% PPV for ovarian cancer dataset, and 70% PPV for 
leukemia dataset. The GA and classification parameters 
used are the same as the previous test. The classification 
accuracy results of PCA, GA, and SVM can be seen in 
Table 9. 

Table 9. Classification Accuracy of PCA + GA + SVM 

Dataset Pc Pm C Gamma 
Accuracy 

(%) 

Breast 

Cancer 
0.6 0.02 

1 

0.005549 63.33 

0.6 0.05 0.002555 73.33 

0.6 0.1 0.005132 66.67 

0.6 0.5 0.004574 70.00 

0.8 0.1 0.005881 66.67 

0.9 0.1 0.004542 60.00 

0.6 0.02 0.003411 94.74 

Ovarian 
Cancer 

0.6 0.05 0.006222 97.37 

0.6 0.1 0.003324 96.05 

0.6 0.5 0.006228 96.05 

0.8 0.1 0.006767 98.68 

0.9 0.1 0.007404 96.05 

Leukemia 0.6 0.02 0.007507 90.91 

0.6 0.05 0.010325 90.91 

0.6 0.1 0.012214 90.91 

0.6 0.5 0.009615 90.91 

0.8 0.1 0.012167 95.45 

0.9 0.1  0.010094 90.91 

 

Based on the PCA+GA+SVM classification evaluation 
results shown in Figure 8, on the breast cancer dataset, 
the best performance was obtained with an accuracy of 
73.33%, precision 75%, recall 74%, and F1-score 73%. 
On the ovarian cancer dataset, the best performance was 
obtained using a combination of crossover probability 0.8 
and mutation probability 0.1, namely accuracy of 98.68%, 
precision 99%, recall 98%, and F1-score 99%. While in 
the leukemia dataset, the best performance was obtained 
by 95.45% accuracy, precision 97%, recall 94%, and F1-
score 95%. 

 

 
Figure 8. PCA + GA + SVM Classification Evaluation Graph 

 

4. DISCUSSION  

Based on the research results that have been 
described, there are four testing models carried out, 
namely SVM classification, SVM classification with PCA, 
SVM classification with GA, and SVM classification with a 
combination of PCA and GA. After all testing models are 
evaluated for performance, the evaluation results will be 
compared to determine whether there is an increase or 
decrease in the performance of each model. In addition, 
the number of features obtained in each test is also 
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compared. A comparison of the number of features 
generated from each test model is shown in Table 11.  

 

Table 11. Comparasion of the Number of Features in Each Model 

Dataset Model 
Number of 
Features 

Breast Cancer SVM 24481 

PCA+SVM 55 

GA+SVM 12127 

PCA+GA+SVM 28 

Ovarian 

Cancer 
SVM 15154 

PCA+SVM 24 

GA+SVM 7465 

PCA+GA+SVM 11 

Leukemia SVM 7129 

PCA+SVM 25 

GA+SVM 3541 

PCA+GA+SVM 9 

 

SVM classification testing uses all features from the 
dataset, while in PCA + SVM classification testing using 
PPV, the number of features on the breast cancer dataset 
is reduced to 55 features, on the ovarian dataset the 
number of features is reduced to 24 features, while on the 
leukemia dataset the number of features is reduced to 25 
features. In the GA + SVM test, the number of features 
was successfully reduced by approximately 50% using a 
combination of crossover probability and mutation 
probability. While in the PCA+GA+SVM test, the dataset 
that has been reduced by PCA is then selected by GA, on 
the breast cancer dataset the number of features is 
reduced to only 28 features, on the ovarian cancer dataset 
the number of features is reduced to only 11 features 
while on the leukemia dataset the number of features is 
reduced to only 9 features.  

Based on the performance comparison results in 
Figure 9, it can be seen that the SVM model without 
optimization has the lowest performance, especially on 
the breast cancer dataset, with only 60% accuracy, 60% 
recall, 59% precision, and 58% F1-score. However, SVM 
performed better on the ovarian and leukemia datasets, 
with accuracies of 97.37% and 86.36%, respectively. This 
shows that although SVM can perform quite well on 
datasets with small features such as the ovarium dataset, 
this model still has limitations when applied to datasets 
with a high number of features such as breast cancer. 

Applying PCA for dimensionality reduction, there was 
a significant improvement on the breast cancer dataset, 

with an increase in accuracy of 13.33%, recall of 14%, 

precision of 15%, and F1-score of 15%. As for the ovarian 

cancer and leukemia datasets, the performance remained 
stable compared to the previous test, even though the 
number of features used was much less. This shows that 
PCA is effective in reducing data complexity without 
impacting SVM classification accuracy. 

The GA+SVM model results showed that even though 
the number of features was reduced to 50% of the initial 
dataset, the performance was still lower than PCA+SVM. 
This is due to the presence of irrelevant features, which 
impacts the SVM prediction accuracy. On the breast 
cancer dataset, the performance of the GA+SVM model 
decreased compared to PCA+SVM, with a 10% decrease 

in accuracy, 12% recall, 11% precision, and 11% F1-

score. Nevertheless, this model is still better than SVM 
without optimization. Meanwhile, on the ovarian cancer 
dataset, the performance remained stable with no 
significant change, while on the leukemia dataset, there 

was an increase of 4.55% in accuracy recall 7%, precision 

3%, and F1-score 6%. Although GA successfully reduced 

the number of features, the results show that without 
combining it with PCA, the performance is still suboptimal. 
GA+SVM was more effective in certain datasets, such as 
leukemia, but less competitive in other datasets than the 
model combining PCA and GA. This indicates that 
although GA is able to extract more relevant features, 
initial dimensionality reduction such as PCA is still 
required to improve classification efficiency. 

The final evaluation showed that the PCA+GA+SVM 
model provided the best performance across all datasets, 
with more optimized feature selection and improved SVM 
accuracy. The combination of PCA and GA resulted in a 
dataset with fewer features, but retained important 
information from the original dataset. While the final test 
evaluation results are PCA + GA + SVM classification, this 
model is able to reduce features more optimized and 
improved SVM classification accuracy performance. This 
is because the dataset formed from the combination of 
these two methods has far fewer features, even so this 
dataset retains as much information and characteristics 
from the original dataset as possible, besides that the 
features in this dataset are the most optimal features 
subset after going through the selection process. On the 
breast dataset in terms of performance, there was an 
increase in accuracy to 73.33%, an increase in recall to 
74%, an increase in precision to 75%, an increase in F1 
score to 73%. While in the ovary dataset in terms of 
performance there was an increase in accuracy to 
98.68%, an increase in recall to 98%, an increase in 
precision to 99%, and an increase in F1 score to 99%. On 
the leukemia dataset in terms of performance, there was 
an increase in accuracy to 95.45%, an increase in recall 
to 94%, an increase in precisions to 97% and an increase 
in F1 score to 95%. 
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Figure 9. Graph In comparison with Each The model's Best Performance 
The resulting performance also exceeds the previous 

research for the same data set. Combination of PCA and 
GA can increase the accuracy value by 10.17% compared 
with the study [34] which combines Features selection 
methods CFS and SVM for breast cancer data collection. 
While in ovarian cancer dataset, the proposed method 
can improve accuracy value of 0.26% compared to the 
study [29] which uses MI and GA hybrid feature selection 
with 10 features. Research [35] using elephants Deep 
Search Optimization (ESO) learning obtained accuracy of 
92.11% for leukemia dataset, while in this study proposed 
method can increase its accuracy by 3.34%. 

 

5.  CONCLUSION  

This study uses PCA dimensional reduction and GA 
feature selection to reduce complexity microarray data so 
as to improve the classification of SVM performance. 
There are four tests used: SVM classification, SVM 
classification with PCA dimensions reduction, SVM 
classification with GA features selection, and 
classification of SVM with a combination reduction of PCA 
dimensions and GA features selection. Based on the test 
results and evaluation that has been done on each 
classification, the method used is able to overcome 
weaknesses found in microarray data and improve SVM 
classification performance. The the best classification in 
this study is PCA + GA + SVM classification. The use of 
the PCA method can reduce data dimension to be 97 × 
55 for breast cancer data set, 253 × 24 dimensions for 
ovarian cancer dataset and 72 × 25 dimensions to 
leukemia dataset. Furthermore, the application of GA 
feature selection to get the best subset of features can 
reduce the features to 28 features on the breast cancer 
data set, 11 features on the ovarian cancer data set, and 
9 features on the leukemia dataset. While in terms of 
performance on breast cancer datasets, the highest 
accuracy was obtained at 73.33%, recall 74%, precision 
75%, F1 score 73%. While in the ovarian cancer datasets 

with the highest accuracy are 98.68%, drawdown 98%, 
precision 99%, F1 score 99% and at the highest accuracy 
leukemia dataset of 95.45%, 94% recall, 97% precision 
and score F1 95%. 

According to the findings in this study, several future 
research directions can be explored to improve SVM 
classification performance on high-dimensional 
microarray data. First, exploration of various GA 
parameter configurations, such as population size and 
number of generations, can be done with optimization 
techniques such as grid search, random search, or 
Bayesian optimization to obtain more optimal results. In 
addition, the use of additional feature selection 
techniques, such as mutual information, recursive feature 
elimination (RFE), or LASSO regression, can be 
combined with GA and PCA to improve classification 
accuracy. Deep learning-based approaches, such as 
autoencoders or deep feature selection methods, can 
also be an alternative in reducing the dimensionality of 
complex microarray data. In addition, validation tests on 
larger and more diverse datasets, including data from 
RNA-Seq or single-cell sequencing, can improve the 
generalizability of the model across different cancer 
types. Further research can also compare the 
performance of SVM with other machine learning models, 
such as random forests, gradient boosting (XGBoost, 
LightGBM), or deep neural networks, and explore 
ensemble learning methods to improve classification 
accuracy. Finally, the development of AutoML 
(Automated Machine Learning) pipelines can assist in 
automating the selection of the best feature selection 
methods, dimensionality reduction, and classification 
models based on dataset characteristics, thus improving 
efficiency and scalability in bioinformatics analysis. By 
exploring this research direction, SVM classification on 
microarray data can be further optimized, providing more 
accurate and reliable results in cancer gene expression 
analysis. 
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