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ABSTRACT:
The genotype of the HCV strain appears to be an important determinant of the severity and aggressiveness of
liver infection, as well as patient response to antiviral therapy. HCV genotypes display significant differences in
their global distribution and prevalence, making genotyping a useful method for determining the source of HCV
transmission in an infected localized population. A novel approach for genotype classification is proposed,
which adopts codon usage bias pattern as feature vector for the subsequent classification using Support Vector
Machines (SVMs). A given DNA sequence is first converted to 59-dimensional feature vector, each element
corresponding to the relative synonymous usage frequency of a codon. Therefore, the input to the classifier is
independent of the size of the DNA sequences. Therefore, our approach is useful when the genes to be classified
are of different length, where the homology-based methods are inapplicable due to the difficulty in the
alignment of sequences having different lengths. The applicability and usage of the present method is
demonstrated by a classification of genotype of HCV selected from the database of Los Alamos National
Laboratory (LANL) HCV to train the SVM which is implemented using freely downloadable software Lib
SVM-2.89. The results show that the proposed method is capable of accurately classifying Genotypes of HCV.
Also, the results of gene classification according to the codon usage bias pattern are consistent with the
molecule structures and biological functions, further validating our approach.
Keywords: Codon usage bias; genotype classification; Relative Synonymous Codon Usage (RSCU); Support
Vector Machine; Kernel function.

[I] INTRODUCTION
Hepatitis C virus (HCV), the sole member of the
Hepacivirus genus within the Flaviviridae,
poses a global health burden, with an estimated
170 million infected individuals (according to
the WHO) [4]. Over 80% of acutely infected
individuals progress to a chronic carrier state
that can lead to liver cirrhosis and hepatocellular

carcinoma [1]. In acute HCV infection, an early
HCV-specific cellular immune response is
associated with viral clearance and recovery
[12], whereas in chronically infected individuals,
cellular immune responses are generally low and
unable to eliminate the virus [5]. No
prophylactic HCV vaccine is currently available
and the only accepted therapy thus far,
interferon-a, is successful in only 20% of the
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cases. Increased efforts are therefore needed in
the development of an effective vaccine against
HCV [13].
HCV constantly changes and mutates as it
replicates more than 1 trillion hepatitis C virions
replicate each day. During the replication
process, the hepatitis C virus will make ‘bad’
copies or errors in the genetic make-up of the
newly replicated viruses. The process of
constant mutation helps the virus evade the
body’s immune response---when the dominant
quasi-species is eradicated, another quasispecies emerges [6]. This requires the immune
system to constantly identify and kill the newly
emerged variants. This is one of the reasons why
so many people develop chronic disease.
Scientists believe there are literally millions of
different HCV quasispecies in everyone infected
with hepatitis C, which are unique to everyone
because of the individual’s immune response to
HCV and quasispecies constantly change over
time [8]. In addition, it has been suggested that
quasispecies play a role in disease progression
and treatment response, but this is still
controversial and more studies are needed to
fully appreciate the role of quasi-species.
This variability (genotype, subtypes and
quasispecies) of hepatitis C [9] has made it
difficult to treat and to develop a vaccine that
will protect against all HCV strains although
recent advances in vaccine development have
been encouraging [14].
Genetic information transfers from nucleic acids
to proteins in the form of codons. Synonymous
codons are used at different frequencies during
the process of translation [4]. This phenomenon,
referred to as codon usage bias, was found to be
highly variable among different species. The
function of a gene is closely correlated with
codon usage bias and when the function of the
gene is confirmed, species determine further
differentiation in the codon usage bias [15].
Further, codon bias pattern is also closely related
to protein tertiary structure. The study of codon
usage is important as it is closely related to
translation, which bridges the gap between the
languages of nucleic acids and proteins and also
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very useful in mutation studies. When a
synonymous mutation occurs, the coded protein
remains unchanged, yet the codon usage pattern
varies.
Therefore, the codon usage pattern is a good
indicator for the studies of mutation and
molecular evolution. In this study, we use codon
usage patterns to represent DNA sequences – a
vector of 59 elements represents a given DNA
sequence. Therefore, the input to the classifier is
of the same dimension irrespective of the length
of the DNA sequence [15]. Since codon usage
patterns are diverse in different gene families,
this feature input is a good indicator for
discriminating different gene families.
Support Vector Machines (SVMs) have been
earlier shown to perform well in multiple areas
of biological analysis, which have strong
foundations in statistical learning theory; as
shown by Vapnik [10], SVMs implement a
classifier that is capable of minimizing the
structural risk and offer several associated
computational advantages such as the lack of
local minima and a solution completely
encompassed by the set of support vectors. Its
ability to scale well in large-scale problems is
particularly attractive for predicting structures of
protein sequences as well as gene expression [2].
The generalization capability of SVMs makes it
an effective approach in clustering and well
suitable for gene classification, so we adopt it in
the classification of genes with codon usage
pattern as inputs.
Realizing the importance of Genotype in
predicting HCV medical treatment response,
treatment duration and the dose of ribavirin [17],
we have chosen different Genotype of HCV for
our study, hence develop a SVM Model for the
Classification of HCV isolates of unknown
genotype [18]. Altogether 1864 sequences are
obtained from the LANL HCV database [16]
and the RSCU values of respective sequences
are calculated by using our own toolkit for
RSCU Calculation developed using PERL,
where we took 59 RSCU feature vector
corresponding to different codon except
Methionine, Tryptophan and Stop Codons and
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gave as an input in SVM to get a Model. For
sub-class classification of different Genotypes of
HCV in major 6 classes, multi-class SVM are
implemented using SVMlight [7], which usually
lead to faster convergence in large optimization
problems.
The Gaussian kernel is selected K (x, y) =e-$|x-y|2
for multi-class SVM methods. The Gaussian
kernel shows superior performance over the
linear and polynomial kernels as the Gaussian
kernel results in complex (but smooth) decision
functions and therefore has the ability to better
fit the data where a simple discrimination by
using a hyper plane or a low-dimensional
polynomial surface is impossible [3].
This paper is a step in the direction where
machine learning and computational biology
techniques can be used to compliment existing
wet lab techniques.
[II] MATERIALS AND METHODS
2.1 (Data set)
To achieve our goal and develop our
methodology we obtained sequences through the
Los Alamos National Laboratory (LANL)
HCV database [16]. The following data sets
were used.
Finally, 1864 sequences were chosen and the
numbers of sequences chosen in each sub
category are shown.
[Table -1]
Main Class

HCV

Sub Class

Number of sequences

Genotype 1

844

Genotype 2

29

Genotype 3

9

Genotype 4

15

Genotype 5

3

Genotype 6

32

Table 1: Datasets for each Genotype

2.2 (Data Analysis)
Here a novel approach for gene classification is
proposed, which adopts codon usage bias pattern
as feature vector for the subsequent
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classification using Support Vector Machines
(SVMs).
Our tool developed in Perl will prepare an input
format in form of feature vector for SVM where
a given DNA sequence is first converted to 59dimensional feature vector, each element
corresponding to the relative synonymous usage
frequency of a codon. Therefore, the input to the
classifier is independent of the size of the DNA
sequences and RSCU of each sequence is
calculated.
2.3 (Calculation of codon usage)
The purpose of this function is to calculate the
Number (N) of times a particular codon is
observed in a gene or set of genes and also to
calculate the Relative Synonymous Codon
Usage (RSCU) values for the dataset [4].
RSCU values are the number of times a
particular codon is observed, relative to the
number of times that the codon would be
observed in the absence of any codon usage bias.
In the absence of any codon usage bias, the
RSCU value would be 1.00. A codon that is
used less frequently than expected will have a
value of less than 1.00 and vice versa for a
codon that is used more frequently than
expected.
The program adds up the total number of times
that the codons for a particular amino acid are
observed (depending on the amino acid, this
might be 2, 3, 4 or 6 different codons). It then
divides this number by the number of codons for
the amino acid (2, 3, 4 or 6); this gives the
expected number of times that the codons should
be observed. Then for each codon, the
frequency of observation is divided by the
expected frequency. Sometimes the observed
frequency will be greater than the expected
frequency (RSCU value greater than 1.00), and
sometimes it will be less (RSCU value less than
1.00).
The relative synonymous codon usage
(RSCU) is the number of times a codon appears
in a gene divided by the number of expected
occurrences under equal codon usage [15].
RSCU = Xij / (1/ni *S {Xij; j=1, ni })
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Where Xij is the number of occurrences of the jth
codon for the ith amino acid, and ni is the number
(from 1 to 6) of alternative codons for the ith
amino acid.
i.e.
For each chosen coding sequence s, the RSCU
value of each synonymous codon rk, was
calculated using the formula:
Rk = nk x obsk / totk
Where the index k refers to the specific codon,
obsk is the number of codon k in the sequence s,
totk is the number of codon k and all its
synonymous codons in sequence s, and nk is the
number of synonymous codons of the amino
acid coded by codon k.
If the synonymous codons of an amino acid are
used with equal frequencies, their RSCU values
will equal 1.
Converting codon usage values to RSCU values
has the effect of 'normalising' comparisons
across genes. It makes the codon usage value
independent of amino acid composition of the
sequences and identifies when a codon is being
used more frequently than expected and when it
is being used less frequently than expected.
2.4 (Feature Space)
There are 64 different codons. However, since
methionine (AUG) and tryptophan(UGG) have
only 1 corresponding codon, they are not
considered and are removed from analysis as
their RSCU values are always equal to 1; three
stop codons (UGA, UAA, UAG) are also not
included. Therefore, the number of codons
considered is 59: i.e., k = 1, 2… 59. Therefore,
irrespective of the size, the DNA sequence is
converted to a feature vector of 59 elements.
2.5 (Support
classification))

Vector

Machine

In order to evaluate the generalization power of
each of the classification methods and to
estimate their prediction capabilities for
unknown samples, we used a standard 10- fold
cross-validation technique and split the data
randomly and repeatedly into training and test
sets. The training sets consisted of randomly
chosen subsets containing 90% of each class; the
remaining 10% of the samples from each class
were left as test sets. In order to keep computing
times reasonable, we reported accuracy and
standard deviation estimates over 100 runs.
More runs are required if more accurate
estimates are desired. We also reported the
accuracy of prediction using the prediction set
which are never used for model training.

(Binary

SVM is a supervised machine learning method
which is based on the statistical learning theory
[18]. When used as a binary classifier, an SVM
will construct a hyper plane, which acts as the
decision surface between the two classes. This is
achieved by maximizing the margin of
separation between the hyper plane and those
points nearest to it. The SVMs were
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implemented using freely downloadable
software, libSVM [3]. In this software there is a
facility to define parameters and choose among
various inbuilt kernels. They can be radial basis
function (RBF) or a polynomial kernel (of given
degree), linear, sigmoid. The generalization
capability of SVMs makes it an effective
approach in clustering and well suitable for gene
classification, so we adopt it in the classification
of Genotypes of HCV with codon usage pattern
as inputs.
2.6 (SVM software; LIBSVM)
Simulations were preformed using LIBSVM
version 2.89 (a freely available software
package) [2, 3]. For our study RBF Kernel was
found to be the best. The SVM training was
carried out by the optimization of the value of
the regularization parameter and the value of
RBF kernel parameter.
2.7 (Cross-validation)

[III] RESULTS AND DISCUSSIONS
3.1 (Prediction System Assement)
True positives (TP) and true negatives (TN)
were identified as the positive and negative
samples, respectively. False positives (FP) were
negative samples identified as positive. False
negatives (FN) were positive samples identified
as negative. The prediction performance was
tested with sensitivity (TP/ (TP+FN)),
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specificity (TN/ (TN+FP)), overall accuracy (x),
and MCC (Mathew’s correlation coefficient).
Accuracy =

TP +TN
˗˗˗˗˗˗˗˗˗˗˗˗˗˗˗˗˗˗˗˗˗˗˗˗˗˗˗˗
TP + TN + FP + FN

MCC =
TP × TN - FP × FN
---------------------------------------------(TP + FP) (TP + FN) (TN + FP) (TN + FN)
Realizing the importance of Genotype in
predicting HCV medical treatment response,
treatment duration and the dose of ribavirin, we
have chosen different Genotype of HCV for our
study, hence develop a SVM Model for the
Classification of HCV isolates of unknown
genotype [19]. Altogether 1864 sequences are
obtained from the LANL HCV database and the
RSCU values of respective sequences are
calculated by using our own toolkit for RSCU
Calculation developed using PERL, where we
took 59 RSCU feature vector corresponding to
different codon except Methionine, Tryptophan
and Stop Codons and gave as an input in SVM
to get a Model. For sub-class classification of
different Genotypes of HCV in major 6 classes,
multi-class SVM are implemented using
SVMlight, which usually lead to faster
convergence in large optimization problems.
The Gaussian kernel is selected K (x, y) =e-$|x-y|2
for multi-class SVM methods. The Gaussian
kernel shows superior performance over the

linear and polynomial kernels as the Gaussian
kernel results in complex (but smooth) decision
functions and therefore has the ability to better
fit the data where a simple discrimination by
using a hyper plane or a low-dimensional
polynomial surface is impossible.
The multilevel support vector classification
procedure uses a discriminative classifier (a
linear support vector machine with cross
validation to build models, for RSCU and
Amino acid composition). The discriminative
classifier is a computational tool that is designed
to classify an unknown sample as belonging to
one of the classes. The purpose for building the
classifier is accurately classifying input strains, a
problem commonly referred to as the feature
selection problem. For the initial step RSCU and
amino acid composition of complete genome of
HCV versus negative sequences of other virus
was found that separates the two classes (HCV
and non-HCV).Further HCV was divided into
classes by using a dataset in which one class was
considered as positive and others were treated as
negative and the same procedure was repeated
for each and every class thus separating HCV
Genotypes into six subclasses.
The results of multi class SVM approach to
classify
its
Genotype
using
Relative
Synonymous Codon usage showing its
Specificity, Sensitivity, Accuracy and MCC.
[Table-2]

Table 2: MCC, Accuracy, Sensitivity, Specificity, Recall and Precision for subclasses of Genotypes of HCV
using Relative Synonymous Codon Usage.
SNo

Genotype

MCC

Accuracy

Sensitivity

Specificity

Recall

Precision

1.

Genotype1

0.0012686

99.41%

1

0.9882

94.43%

95.11%

2.

Genotype2

0.08944

100%

1

1

20.69%

13.95%

3.

Genotype3

0.19245

100%

1

1

22.22%

12.50%

4.

Genotype4

0.125

100%

1

1

13.33%

6.67%

5.

Genotype5

1

100%

1

1

70.6%

75.84%

6.

Genotype6

0.04419

100%

1

1

37.50%

24.49%
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The best Accuracy and MCC of the RSCU and
amino acid composition-based classifier is
obtained for Genotype 5 which was 100% and 1,
respectively. It proved that our model can better
classify this class with high accuracy and
precision.
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Figure 1 :

Also, when analyzed graphically it was found
that RSCU when taken as parameter for
classification gives better results than the amino
acid composition. For example in Figure 1
RSCU values for 2, 39, 59 corresponding to
Serine, Lysine and Glycine are showing more
variations as compared to other codons and are
responsible for classifying the sequences in a
better way, whereas most of the instances in case
of Amino Acid Composition are not showing
much variation resulting in the lower accuracy of
the results so found as compare to RSCU.

complexity of multiple sequence alignment of
large sequences, it is difficult to classify large
number of sequences through multiple sequence
alignment. Further, if the given sequences are of
significantly different lengths, the appropriate
alignment is impossible. The use of codon usage
pattern analysis simplifies the input into a 59dimention vector, and avoids the increasing of
computing complexity that happens to multiple
sequence alignment. So, classification of HCV
sequences by using codon usage pattern as the
parameter is a better solution for comparing the
homology based approaches.
.
This model can be used to analyze other
proteins, such as entire proteomics data. Such
type of prediction systems can be very useful for
understanding the different proteins in a better
way so as in conclusion, a novel computational
method for classifying Genotypes and Structural
proteins is presented here. This method will
nicely complement the existing wet lab methods.
It will assist in assigning the correct class to
which these proteins belong. The prediction
method presented here may be useful for the
annotation of the piled-up proteomic data.
The author awaits discovery of more of these
proteins in the future so that accuracy of the
prediction model can be increased further and a
server developed for public use.
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