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GENERAL INTRODUCTION 
 

Support Vector Machines (SVMs) are optimized learning 

algorithms used for binary class label prediction. 

Recently, the SVMs become most significant tools for 

medical researches such as drug discovery for searching 

of novel active compounds and prediction of their 

properties.
[1] 

 

 The performance of the SVMs is well increased and 

monitored in various area of biological analysis which 

includes gene expression in microarray etc.
[2]

 prediction 

of remote protein homologies,
[3]

 and detecting the site for 

initiation of translation of proteins.
[4] 

 

Apart from accurate and comprehensive separation of the 

data samples into appropriate classes, the SVMs also 

analyze various properties of the data. The SVMs are 

relatively modified type of learning algorithm which was 

introduced by Vapnik and co-workers in the first time.  

 

Moreover, SVMs are currently being modified and 

extended by many researchers. The ability of the SVMs 

to function as a robust tool that deal with sparse and 

noisy data make them to be the system of interest and 

choice in various applications ranging from text 

categorization to prediction of functional proteins.
[5] 

 

The SVMs classify and break off a given set of binary 

labeled trained data with a hyper-plane that is maximally 

distant from them and this simply means “the maximal 

margin hyper-plane”. However, if there is no linear 

separation, they usually work together with “kernel” 

technique that recognizes non-linear mapping to a feature 

space automatically.
[6] 

 

 Hepatitis C virus (HCV) is worldwide health threaten 

pathogen. It is a small single stranded RNA. It is also the 

most causative agent of various liver diseases including 

hepatocellular carcinoma, chronic liver disease etc. It 

was estimated that, 130-150 million of peoples 

worldwide were infected and 3-4 million people newly 

infected increased yearly, this is the indication of 

progressive increasing of the infection.
[7] 

 

 Furthermore, it was observed that, the infection also 

depend on the variation of both gender and age. 
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ABSTRACT 
 

Hepatitis C Virus (HCV) is a ssRNA infectious microbe that affects and kills millions of people worldwide 

annually However, various part of the virus that can be recognized processed and dealt with by immune system, 

such as B-cells, T-cells or microphages are known as epitopes or antigenic determinants. Knowledge of these 

epitopes is invaluable for the research and development, of vaccine and drug design, that will eradicate and 

diminish this life threaten virus. There is an exponential increase in the expression of these epitopes regularly 

which make them difficult to be handled. To rectify and deal with this problem, a new computational method was 

developed to analyze such kind of large data with the help of support vector machine (SVM). This analytical 

method consists of training, testing, classifying and validation of both T-cell epitopes and non T-cell epitopes of 

hepatitis C virus (HCV). To improve the performance of this method, the data were divided into (70% and 30%), 

(80% and 20%) and (90% and 10%) of train and test respectively using non-epitopes as control. The accuracy of 

class of data with amino acids feature (polarity, acidity, alkalinity, aliphaticity, etc) and without amino acids 

features were noted. The result was obtained by taking the average of the %accuracy which indicates high 

performance and potentiality of this method. 

 

KEYWORDS: Hepatitis C virus (HCV), Immune system, Epitopes, drug design, life threaten, support vector 

machine (SVM), training, testing, classification and validation.   

 



www.wjpls.org 

 

2 

Muttaka et al.                                                                                 World Journal of Pharmaceutical and Life Sciences 

According to majority of report of different researches, 

the HCV is dominant among 2.4-6.5% in the case of 

adults while among children is 0.44-1.6%,
[8]

 from the  

analysis, HCV genotype 3a is cheaply and abundantly 

common in Asian Country such as Pakistan.
[9] 

 

The HCV belongs to one of family of Flaviviridae. It has 

9.5 kb functional genome (ssRNA) that encodes for a 

large polyprotein which cleaved to produce four 

structural proteins (C, E1, E2 and P7) as well as six “6” 

non-structural proteins domain (NS2, NS3, NS4A, 

NS4B, NS5A and NS5B). The viral proteins enable it to 

replicate and perform various metabolic and cellular 

functions.
[10,11] 

 

 Envelop proteins are the part of HCV structural proteins 

which play significant role in helping the virus get 

entered into the host. The hepatitis C virus envelop 

protein 1 (E1) refers to a transmembrane glycoprotein 

having a C-terminal domain that help in membrane 

adherence and membrane permeability modification.
[12]

 

E1 serves as a fusigenic subunit in which the HCV 

envelop depend. It has 4-5 N-linked glycons which 

interact with different cell receptors and consequently 

result in hepatitis C virus infection.
[13] 

 

Furthermore, the E1 is glycoprotein of interest that helps 

pharmaceutical industries to produce medicine which 

will target and prevent the entrance of the virus to the 

host, even though, the mechanism of the E1 involvement 

in HCV infection is not fully understood, some 

researchers thought it to be likely due to intra-

cytoplasmic virus-membrane fusion.
[14] 

 

METHODOLOGY 
 

Recently, various methods have been developed for 

performing identification of T-cell epitopes of HCV but 

these methods can only analyze a few numbers of the 

epitopes. However, most learning techniques do not 

perform well on datasets by which the number of 

features is larger and diversified. To rectify and 

minimize these problems, support vector machines 

(SVMs) come into existence. The SVMs can test, 

classify and validate a given data easily. 

 

Retrieval of T-Cell Epitopes of Hcv 

To get authentic and reliable model for prediction of the 

T-Cell epitopes of HCV, the protein sequence of 

hepatitis C virus (HCV) is retrieved from research papers 

(15-33) via pubMed-NCBI (www.ncbi.nlm.nih.gov 

/m/pubmed/) and database through which the tested 

epitopes were extracted. The length of the amino acids 

present in the T-cell epitopes of HCV differs ranging 

from six residues to above. 

 

The data was categorized into five groups 

 Group one is the data set that contained all positive 

epitopes and negative epitopes 

 Group two is the data set that contained positive 

epitopes and negative epitopes 

 Group three is the data set that contained positive-

low and negative epitopes 

 Group four is the data set that contained positive-

high and negative epitopes 

 Group five is the data set that contained positive-

intermediate and negative epitopes 

 

Training of the Tool for prediction of T-cells epitopes 

of HCV 

The cytotoxic T lymphocytes epitopes and non-epitopes 

of the hepatitis C virus were run with modified support 

vector machine (SVM_prep). The tool was trained by 

dividing the epitopes and the non-epitopes into three 

division 0.7 (70%), 0.8 (80%) and 0.9 (90%) 

respectively. In each case, a model is generated and the 

average of the accuracy of these groups of the trained set 

was calculated. 

 

Testing of the Tool for Classification of the Data into 

Epitopes and Non-Epitopes 

In order to classify the epitopes, the amino acid 

sequences of structural and non-structural proteins of the 

hepatitis C virus were run with the modified support 

vector machine (SVM_prep). The epitopes were tested 

by using with the model generated together with the 

remaining 0.3 (30%), 0.2 (20%), and 0.1 (10%) 

respectively. The average of the accuracy of these groups 

of the test set was calculated. 

 

Steps of running the support vector machine (SVM) 

In order to access support vector machine (SVM), you 

need to download and install the SVM
light 

which is freely 

available at www.svm_light.tar.gz. The steps are: 

1. Press shift key and right click at the same time (shift 

+ right click) 

2. Select “open command window”   

3. Write “ SVM_prep.exe”  space 

4. Write name of positive dataset in “txt” format 

5. Write name of negative dataset in “txt” format 

6. Write name of train dataset 

7. Write name of test dataset 

8. Write name of model 

9. Write number of division ( 0.7 for 70%, 0.8 for 80% 

etc) 

10. Write number of features (0 no feature, 1 there are 

features). 

 

RESULTS AND DISCUSSION 
 

The details result of percentage accuracy of training, 

percentage accuracy of testing and normal weight of the 

vectors, with features and without features were 

summarized in “Table 1 and Table 2”respectively. The 

features that we considered in this research includes 

Aliphatic Amino acid (leucine, valine, proline etc), 

Aromatic Amino acid (phenylalanine, tryptophan and 

tyrosine), Acidic amino acid (aspartate, glutamate), 

Basic Amino acid (Lysine, arginine, histidine), 

Hydroxylic Amino Acid (serine, threonine), Amidic 

Amino Acid (asparagines, glutamine) as well as 

Sulphur Containing Amino Acid (cysteine, 

http://www.ncbi.nlm.nih.gov/m/pubmed/
http://www.ncbi.nlm.nih.gov/m/pubmed/
http://www.svm_light.tar.gz/
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methionine). However, in case of with feature, the SVM 

classified the epitopes based on these seven features. 
 

 

Table 1: The Percentage Accuracy and Normal of Weight Vector with Features. 
 

Group  % Train %Test /W/ 

One  91.42 ± 2.29 67.2 ± 2.96 38.40 ± 1.70 

Two  91.93 ± 0.82
a
 64.60 ± 4.31 37.64 ± 1.31 

Three  98.41 ± 0.33 48.50 ± 1.78 11.11 ± 0.88 

Four  98.74 ± 0.16 52.22 ± 2.55 07.19 ± 0.48 

Five  100.00 ± 0.00 61.11 ± 12.73 03.24 ± 0.20 

 

Values are expressed as Mean ± Standard deviation, a = 

significant difference  (P<0.05) when group two with 

features is compared with group two without features, 

\W\= Normal of weight vector, GROUP 1= All positive 

+ Negative, GROUP 2= Positive + Negative, GROUP 

3= Positive-Low + Negative, GROUP 4= Positive-High 

+ Negative, GROUP 5= Positive-Intermediate + 

Negative, 

 

Table 2: The Percentage Accuracy and Normal of Weight Vector without Features. 
 

Group  % Train %Test /W/ 

One  91.20 ± 1.81 66.09 ± 3.97 36.97 ± 1.27 

Two  89.92 ± 0.44
a
 67.22 ± 4.73 35.56 ± 1.26 

Three  98.48 ± 0.48 46.40 ± 4.99 11.31 ± 0.84 

Four  98.71 ± 0.19 52.22 ± 2.55 7.18 ± 0.47 

Five  100.00 ± 0.00 61.11 ± 12.73 3.24 ± 0.22 

 

Values are expressed as Mean ± Standard deviation, a = 

significant difference  (P<0.05) when group two with 

features is compared with group two without features, 

\W\= Normal of weight vector, GROUP 1= All positive 

+ Negative, GROUP 2= Positive + Negative, GROUP 

3= Positive-Low + Negative, GROUP 4= Positive-High 

+ Negative, GROUP 5= Positive-Intermediate + 

Negative. 

 

The result of the average percentage accuracy and 

normal of weight vector with features was shown in the 

“Table 1”. The percentage accuracy of the trained dataset 

while considering the seven features above range from 

48.50% to 67.20%. Whereas, the percentage accuracy of 

the trained dataset with features was found to be 91.42%-

100%. 

 

The result of the average percentage accuracy and 

normal of weight vector without features was shown in 

the “Table 2”. The percentage accuracy of the trained 

dataset without considering the seven features above 

range from 46.40% to 67.22%. Whereas, the percentage 

accuracy of the trained dataset with features was found to 

be 89.92%-98.71%. 

 

The comparative analysis of the percentage accuracy of 

trained dataset with features and without features 

indicate that, there is no difference of percentage 

accuracy of group four and group five. There is slight 

variation in the case of group one and group three though 

the difference is not significant (P>0.05) while the 

difference is high in the group two. 

 

While the comparative analysis of the percentage 

accuracy of trained dataset with features and without 

features shown in table 1 and table 2 indicate that, there 

is no variation of the accuracy of dataset of group five 

while training the data with or without features. 

Whereas, there is slight differences, in the case of group 

one, three and four, but there is significant difference 

(P<0.05) of dataset of group two, when training the 

dataset with or without features.  

 

The result of the percentage accuracy of the test dataset 

with features visualized in table 1 and table 2, indicate 

that, there is decrease of the accuracy from group one to 

group two and then from group five to group three. The 

group one which is the group of all positive + negative 

has the highest accuracy while the group three which is 

the group of positive-low + negative has the lowest 

accuracy.  

 

This result shows interesting features as expected, the 

group with all positive should possess the highest 

accuracy while the group with positive-low should 

possess the lowest accuracy. 

 

CONCLUSION 
 

We have introduced and designed a model to predict     

T-cell epitopes for hepatitis C virus (HCV) using support 

vector machines (SVMs). The results obtained from this 

research have shown that the SVMs are machines 

learning algorithm capable of classifying unknown 

epitopes. The performance of SVMs depend solely on a 

simple kernel but as the availability as well as 

complexity of datasets increased the use of complex 

kernels may become compulsory in order to allow the 

SVMs to maintain its good performance.  
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Identification of the T-cell epitopes of hepatitis C virus is 

invaluable which has great potential for use as the part of 

standard drug design performed in medical research and 

pharmaceutical industries. The SVMs can easily analyze 

and classify the epitopes. However, the predictions of the 

success or failure of a particular peptide sequences may 

be possible but so far, the result from this is not 100% 

guarantee. 

 

Future Aspect 
 

However, the future aspect of this research is to improve 

the accuracy of the prediction tool of T-cell epitope of a 

given unknown epitope. 
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