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Genes are often classified into biologically-related groups so that inferences on their
functions can be made. This paper demonstrates that the di-codon usage is a useful
feature for gene classification and gives better classification accuracy than the codon
usage. Our experiments with different classifiers show that support vector machines
performs better than other classifiers in classifying genes by using di-codon usage
as features. The method is illustrated on 1,841 HLA sequences which are classified
into two major classes, HLA-I and HLA-II, and further classified into the subclasses
of major classes. By using both codon and di-codon features, we show near perfect
accuracies in the classification of HLA molecules into major classes and their subclasses.
Key words: Di-codon usage; gene classification; Human Leukocyte Antigen (HLA);
Major Histocompatibility Complex (MHC); Support Vector Machines (SVM)
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INTRODUCTION

Genetic information encoded in nucleic acids is transferred to proteins through
codons. The study of codon usage is important as it is an integral component
of translation of nucleic acids to their functional forms or proteins. In addition, it could also be very useful for mutation studies. When a synonymous
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mutation occurs, codon usage varies while the resulting protein remains unchanged. Therefore, codon usage is a good indicator for the studies of mutation and molecular evolution. The pattern of codon usage has been found to
be highly variable among different species and is mainly attributed to gene
function (Sharp et al., 1988). The species-specific characteristics of codon usage was used to classify genes from 18 different species, mainly prokaryotes
and unicellular eukaryotes Kanaya et al. (1999). We have recently shown that
the codon usage can be used as a potential feature for classification of HLA
molecules (Ma et al., 2009). Furthermore, the classification of HLA molecules
based on codon usage bias was consistent with the structure and function of
the molecules.
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Experimental approaches for gene classification often use microarray data, yet
gathering of such data is often limited because of the cost and tediousness
involved in the experiments. Researchers have begun to use computational
techniques such as neural networks, support vector machines (SVM), independent component analysis, etc., which use features of gene expressions to
classify gene expressions and identify important genes into biologically meaningful groups (Zhang and Rajapakse, 2009; Eisen et al., 1998; Tamayo et al.,
1999; Rajapakse et al., 2005; Hori et al., 2001). Because of the large dimensions
of microarray data and the limited sample sizes, these methods have limited
utility on larger datasets though high-throughput gene selection methods are
beginning to appear.
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Other methods of assigning proper functions to genes include homology-based
approaches through multiple sequence alignment of proteins or nucleic acid
sequences (Wallace et al., 2005). Because of the complexities of multiple sequence alignment in time, it is relatively difficult to classify a large number of
genes or proteins with this approach. Furthermore, if the sequences in the set
vary in length or in evolutionary conservation, a correct alignment is hard to
achieve. This can also affect downstream uses of the alignment data such as
for gene classification. More importantly, the information from synonymous
mutations is often neglected in homology-based approaches despite the importance of synonymous mutations in evolution. Structural features of proteins
have been used to classify genes (Shatsky et al., 2006), which also neglect the
importance of synonymous mutations.
In this paper, we demonstrate the use of di-codon usage as a promising feature
for gene classification. Preliminary work of this study has been presented in
Nguyen et al. (2009). Di-codon usage patterns contain additional or more information for gene classification than the codon usage because di-codon usage
patterns encapsulate local information as well as global information (di-codon
frequency) of a DNA sequence. Given that the ribosomes actually reside over
two codon positions when they slide along mRNA, di-codon usage has a direct
biological rationale. Noguchi et al. (2006) developed a prokaryotic gene-finding
2

program, MetaGene, which utilizes di-codon frequencies estimated by the GC
content of a given sequence along with other various measures. By using dicodon frequencies, their method achieved a higher prediction accuracy than
using codon frequencies alone (Noguchi et al., 2006). A hidden Markov model
with self-identification learning for protein coding region identification was
studied by Kim et al. (1999) and demonstrated that models using di-codon
features outperformed other models using ”standard” features such as amino
acid pair, codon usage, and GC content in terms of both specificity and sensitivity. The DicodonUse program based on frequencies of di-codons is aimed
at a fast and simple assessment of genes present in prokaryotic nucleotide sequences (Paces and Paces, 2002). It is used for identification of open reading
frames that have a high probability of being genes.
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We demonstrate our method on HLA molecules and extract dicodon usage as
features for classification. Binary and multi-class SVM were used for the classification of HLA genes into HLA-I and HLA-II classes, and their subclasses,
respectively. SVMs have successfully been used in many bioinformatics applications: for example, predicting protein features (Nguyen and Rajapakse,
2005, 2006, 2007) and classifying gene and protein expressions (Rajapakse
et al., 2005; Duan and Rajapakse, 2005). Furthermore, SVM have been used
for classification of genes because of their scalability and generalization: for
example, Lin et al. used them to study the conserved codon composition
of ribosomal protein coding genes in E. coli, M. tuberculosis, and S. cerevisiae (Lin et al., 2002). Bhasin and Raghava used SVM in the prediction of
HLA-DRB1*0401 binding protein and cytotoxic T lymphocyte (Tc) epitopes
(Bhasin and Raghava, 2004a,b), Donnes and Elofsson used SVM to predict
MHC class I binding peptides (Donnes and Elofsson, 2002), and Zhao et al.
also applied SVM in the prediction of T-cell epitopes (Zhao et al., 2003). SVM
were found to give the best accuracy in gene classification using codon usage
bias as input features (Ma et al., 2009). The success of SVM is mainly because
of its generalization abilities and its capability of handling high-dimensional
data.
The proposed approach achieved substantial improvement in classification accuracy on a dataset of 1,841 HLA gene sequences collected from the IMGT/HLA
Sequence Database. We compare our results with homology-based gene classification methods as well as SVM using only codon usage as an input feature.
We also experimented with different classifiers such as linear discriminant analysis (LDA) and K-nearest neighbors (KNN) (k -NN). The SVM provides the
optimal margins of separation of the classifiers and uses only the boundary
points or support vectors for classification. The LDA assume Gaussianity of
classes while KNN assumes no distribution regarding the classes. This enables
us explore which classifier better fits the distribution of codon usage.
A binary SVM using di-codon usage patterns achieved 99.95% accuracy in
3

the classification of HLA genes into major HLA classes; and multi-class SVM
achieved accuracy rates of 99.82% and 99.03% for sub-class classification of
HLA-I and HLA-II genes, respectively. By combining codon and di-codon
features, the prediction accuracies of 100%, 99.82%, and 99.84% were achieved
for HLA major class classification, and for sub-class classification of HLA-I and
HLA-II genes, respectively.

2

2.1

MATERIALS AND METHODS

Data
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Recently, there has been a rapid increase of the number of nucleic acid and
protein sequences in the international immunogenetic databases (Robinson et
al., 2001, 2003; Galperin, 2004). These sequences have enabled computational
biologists to study human and primate immune systems. The Major Histocompatibility Complex (MHC) is determined by a suite of genes located on a
specific chromosome (e.g., HLA is located on chromosome 6 while mouse MHC
is located on chromosome 11), which produces glycoprotein products to initiate the immune response of the body (Bodmer et al., 1995). HLA and human
MHC molecules are a vital component of immune response and take part in the
selection process of thymus cells, genetic control of immunological reactions,
and immunocyte interactions. The primary function of HLA molecules is to
bind and present antigens on the cell surface for recognition by antigen-specific
T-cell receptors (TCR) of lymphocytes. Immune reactions involve interactions
between HLA molecules and T lymphocytes (Rosenthal and Shevach, 1973);
T-cell response has subsequently been restricted not only by the antigen but
also by HLA binding (Zinkernagel and Doherty, 1974). Furthermore, HLA
molecules are involved in the production of antibodies, a process which also
involves class II gene products restricted by gene products from the class II
molecules (Katz et al., 1973; Han et al., 2000). HLA gene products are involved in the pathogenesis of many diseases including autoimmune disorders.
The exact mechanisms behind HLA-associated risk of autoimmune diseases
remain to be fully understood. To this end, classification of HLA molecules
into functionally related groups could provide important clues.
We demonstrate our approach of gene classification through the classification
of HLA molecules into major classes and their sub-groups. HLA molecules are
generally classified into three classes: HLA-I, HLA-II, and HLA-III, according to their specific functions in the immune system (Katz et al., 1973; Han
et al., 2000). The major classes are further divided into sub-classes: HLAI molecules are classified into HLA-A, HLA-B, HLA-C, HLA-E, HLA-F, and
HLA-G types; and HLA-II molecules into HLA-DMA, HLA-DMB, HLA-DOA,
4

HLA-DOB, HLA-DPA1, HLA-DPB1, HLA-DQA1, HLA-DQB1, HLA-DRA,
HLA-DRB1, HLA-DRB3, HLA-DRB4, and HLA-DRB5. Expression of HLA-I
genes is constitutive and ubiquitous in most cell types, protecting Tc which
continuously survey cell surfaces and destroy cells harboring metabolically active microorganisms. HLA-II molecules are expressed only within cells that
present antigens, such as antigen-presenting macrophages, dendritic cells, and
B cells, inside the cells. This is in accordance with the functions of helper T
lymphocytes (Th) activated locally wherever they encounter antigen presenting cells that have internalized and processed antigens produced by pathogens.
HLA genes were extracted from the IMGT/HLA Sequence Database (Robinson et al., 2001, 2003; Galperin, 2004) of EBI (http://www.ebi.ac.uk/imgt/hla/)
which is part of the international ImMunoGeneTics project (IMGT) providing specialist databases of the sequences of HLA molecules, including official
sequences for Nomenclature Committee for Factors of HLA System of the
World Health Organization. Extracted HLA gene sequences were checked individually for errors such as incorrect assignment of translation initiation sites,
inconsistencies with the reference sequences in EMBL or GenBank nucleotide
databases, etc. The errors were then curated manually (Ma et al., 2009).
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Because there are 61 different codons coding for amino acids, in order to have a
sufficient number of codons for computation of codon usage, coding sequences
of less than 50 amino acids were excluded from our analysis (Ma et al., 2009),
resulting in 1,841 HLA genes. More details regarding this dataset are available
in (Ma et al., 2009). Di-codon usage patterns were calculated for each sequence
and used as input features for SVM for classification of HLA molecules into
their main classes and sub-classes.
For HLA-I subclass classification, we first considered the subclasses of HLA-A,
HLA-B, and HLA-C as the numbers of sequences in other sub-classes such as
HLA-E, HLA-F, and HLA-G were too small (less than 25 sequences) to be
included in the analysis, so the total number of sequences for the experiment
was 1,124. For a similar reason, we only considered subclasses of HLA-DPB1,
HLA-DQA1, HLA-DQB1, HLA-DRB1, and HLA-DRB3 for HLA-II subclass
classification, so the total number of sequences included in the experiment was
617.

2.2

Codon Usage

Let the coding sequence of the gene in terms of codons be s = (s1 , s2 , . . . , sn )
where si ∈ Ω, n is the length of the sequence in codons, and Ω = {c1 , c2 , . . . c64 }
is the alphabet of the codons. The usage rcj of the codon cj is measured by
5

the fraction of codons cj of the sequence s:
rcj =

n
1X
δ(si = cj )
n i=1

(1)

where δ is the Kronecker delta: δ(·) = 1 if the argument inside is satisfied,
otherwise is 0. The codon usage rc of a given gene sequence s is a vector
rc = (rcj : j = 1, 2, . . . 64) of length 64, regardless of the length of the sequence.
2.3

Di-Codon Usage

The di-codon usage pattern is given by the fractions of di-codons in the coding sequence and captures more global information about the gene sequence
than the codon usage pattern. The di-codon usage rcj ck of a di-codon cj ck is
measured by the fraction of codon pairs (cj , ck ) ∈ Ω2 in the sequence s:
(2)
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rcj ck

X
1 n−1
δ(si = cj )δ(si+1 = ck )
=
n − 1 i=1

2.4
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The di-codon usage of a DNA sequence s is given by a vector rcc = (rcj ck :
j = 1, 2, . . . 64; k = 1, 2, . . . 64) of 4096 length irrespective of the length of the
sequence.

Support Vector Machines (SVM)

The SVM offers good generalization capabilities suitable for many bioinformatics applications. An SVM is characterized by its kernel function K and
connection weights w. Let r denote the di-codon pattern of the HLA sequence
s. Then, the discriminant function of a binary SVM is given by:
f (r) = hT (r)w + w0

(3)

where K(r, r0 ) = hT (r)h(r0 ) and w0 is the constant weight term. In order to
classify sequences into major HLA classes, a binary classifier was adopted and
trained such that f (r) = +1 for HLA-I molecules and f (r) = −1 for HLA-II
molecules.
The SVM weights and the parameters of the function h were derived through
supervised learning with training data. Let {(rj , q j ) : j = 1, 2, . . . , N } denote the training dataset where q j is the desired classification for an input
6

di-codon pattern rj . The SVM first transforms the input features to a higherdimensional space by using the transform function h to maximize the separability and then linearly combines using the weight vector w to obtain the
output. The optimal classification by the SVM is achieved by tuning the sensitivity parameter γ and the kernel parameter σ. For more details on SVM
classifiers, the readers are kindly referred to Hastie et al. (2009).
We used multi-class SVMs proposed by Crammer and Singer (2002) to classify
HLA sequences to sub-classes of HLA-I and HLA-II molecules. A multi-class
classifier with L output classes was achieved using L discriminant functions
{fl : l = 1, 2, . . . L} which were derived in a single optimization step (Ma et
al., 2009). The output class ˆl for an input di-codon pattern r is assigned to
the class giving the maximum discriminant function value:
ˆl = arg max fl (r).

(4)
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A three-class SVM was used to find the sub-class of HLA-I molecules: HLAA, HLA-B, or HLA-C, given its di-codon usage pattern. For HLA-II sub-class
classification, a five-class SVM was used to determine the sub-class label:
HLA-DPB1, HLA-DQA1, HLA-DQB1, HLA-DRB1, or HLA-DRB3.

For the classification of major HLA classes, binary SVM was implemented using LIBSVM (Chang and Lin, 2001). For sub-class classification of HLA-I and
HLA-II molecules, multi-class SVM was implemented using BSVM libraries
(Hsu and Lin, 2002). In order to compare with other classifiers, LDA and
k -NN methods were implemented by using LNKnet package (LNKnet, 2004).

3

EXPERIMENTS AND RESULTS

Ten-fold cross-validation was used to evaluate the accuracies of HLA major
class classification as well as HLA-I and HLA-II subclass classification. In order
to avoid the selection of extremely biased partitions, the dataset was divided
randomly into ten balanced partitions of equal sizes for cross-validation. In
addition, we also report specificity and sensitivity as well as the standard
deviation of performance measures to assess the performance of prediction
schemes.
7

3.1

Parameter Estimation

The kernel type and the sensitivity parameters were decided heuristically by
evaluating cross-validation performances with different types of kernels, and
sensitivity and kernel parameters. For binary and multi-class SVM, the Gaus0 2
sian kernel K(r, r0 ) = e−σkr−r k provided superior performance over linear and
polynomial kernels for classification of HLA molecules. This was also observed
earlier for gene classification using codon bias as features (Ma et al., 2009). The
sensitivity parameter γ and the Gaussian kernel parameter σ were determined
by using the grid-search method (Hsu and Lin, 2002). Grid-search provides
reasonable estimates of parameters for multi-class SVM in a relatively short
period of time.

3.2

Results

[Table 1 is to be included here.]

Pr

ep

rin

t

The classification accuracy of binning 1,841 HLA sequences into either HLAI or HLA-II classes using binary SVMs was evaluated using ten-fold crossvalidation. The optimal estimates of sensitivity parameter γ = 2 and kernel
parameter σ = 0.125 of the Gaussian kernel achieved an accuracy of 99.95%
for classification of HLA molecules.
For HLA-I sub-class classification of the dataset of 1124 sequences, the parameters γ = 1 and σ = 0.25 resulted in the best predictive accuracy of 99.82%,
and for HLA-II sub-class classification on the dataset of 617 sequences, the
parameters γ = 1 and σ = 0.25 gave an accuracy of 99.03%.
The performance of binary SVM for major class classification and multi-class
SVM for sub-class classification of HLA-I and HLA-II molecules are presented
in Table 1. The standard deviation of cross-validation accuracies of HLA major
class classification, HLA-I subclass classification, and HLA-II subclass classification were 0.01, 0.01, and 0.02, respectively, indicating only very minor effects
from data partitioning. (referred in Table 2).
[Table 2 is to be included here.]

We also investigated the combination of codon and di-codon features for the
classification of HLA molecules into major classes, and HLA-I and HLA-II
molecules into their subclasses. A total of 4155 features including relative
synonymous codon usage of 59 codons (Ma et al., 2009) and 4096 di-codon
8

usage values were used as input for the classification. Table 1 shows the tenfold cross-validation accuracies, sensitivities, and specificities of binary SVM
for major class classification and multi-class SVM for sub-class classification
of HLA-I and HLA-II molecules, achieved through best parameter values.
By combining codon and di-codon features for HLA sequence classification,
the binary SVM achieved 100% accuracy with sensitivity parameter γ = 2
and kernel parameter σ = 0.125 of the Gaussian kernel; multi-class SVM
achieved the accuracies of 99.82% and 99.84% for HLA-I and HLA-II sub-class
classification, respectively, with parameters γ = 1 and σ = 0.25, interestingly,
for both classes.

Comparison with Other Classifiers
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In order to evaluate testing accuracies of the present method, the dataset was
divided randomly into two balanced halves of major- and sub-classes of HLA
sequences. One partition was selected for training and the other was reserved
for testing. SVM was trained with the training dataset and the kernels and
parameters were selected based on the best accuracies on the training dataset.
The test accuracies were calculated on the testing dataset with the parameters
obtained during training. This procedure was repeated 25 times and the mean
and standard deviation of accuracy were calculated and given in (Table 2).
As can be observed, the testing and cross-validation accuracies are similar,
indicating reasonable generalization.

The SVM was compared to two other classifiers: linear discriminant analysis
(LDA) and K-nearest neighbors (k -NN). Test and cross-validation accuracies
are given in Table 2, comparing performances of the three classifiers. For major
class classification of HLA molecules, the results in Table 2 demonstrate that
the SVM using codon and di-codon features yielded an overall accuracy of
100% which is higher than results of k -NN (96.63%), LDA (93.32%), and classifiers using codon usage bias, SVM (99.30%), k -NN (93.95%), LDA (89.29%)
and di-codon usage, SVM (99.95%), k -NN (95.17%), LDA (91.96%).
For the sub-class classification of HLA-I molecules, the accuracy of multiclass SVM using di-codon usage patterns reached 99.82% which is again the
highest of the three classifiers using codon usage bias and the two classifiers
using di-codon feature, LDA and k -NN. For sub-class classification of HLA-II
molecules, the present method achieved the highest accuracy of 99.84% which
is 10.81% and 7.78% higher than LDA method, 5.84% and 4.86% higher than
k -NN, and 1.46% and 0.81% higher than SVM using codon usage bias and
di-codon feature, respectively. These results show that di-codon usage pattern
is an important feature for gene classification.
9

In addition, LDA assumes data (codon and di-codon features) as Gaussian and
k -NN attempts to minimize training error, and, therefore, they offer wiggly
decision boundaries, resulting in high variance to test data. Here our aim
is to improve test accuracies, and our experiments with different classifiers
shows that SVM generalizes well and performs better than other classifiers in
classifying genes.

3.4

Comparison with Homology Based Methods
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Moreover, the prediction accuracies of the present method outperformed classification on homology (Ma et al., 2009) for both major class and sub-class
classification of HLA molecules (see Table 2). In order to compare the discriminating power of di-codon usage pattern, homology-based distance matrices were used for the classification of HLA sequences, HLA-I sequences, and
HLA-II sequences. ClustalX was used to generate a multiple sequence alignment and a distance matrix was constructed using all pairwise similarities
(Thompson et al., 1997). The distance matrix has been shown previously as
an effective feature for clustering or classification of aligned sequences (Grishin et al., 2002). Using this distance matrix as a set of input features, SVM
was used to classify the sequences; and ten-fold cross-validation accuracies are
reported in Table 2. These results show that di-codon usage improves classification accuracy and is an effective feature for classification of HLA genes.

3.5

Error Analysis

We examined the set of misclassified sequences to better understand the errors
generated by this approach. Sequence HLA-A*2445N was classified incorrectly
into HLA-II when using binary SVM with di-codon usage for major class
classification. The length of HLA-A*2445N protein sequence, 72aa, is very
short compared to the length of its nucleotide sequence of 820nt. For sequences
HLA-A*2445N of total length 820nt, the length and location of the CDS was
given as a partial coding sequence. Only this partial CDS was used in the
study, which may have led to the incorrect classification. For the sub-class
classification of HLA-I molecules, two sequences HLA-A*2445N and HLACw*0507N were classified incorrectly into HLA-B by the present approach.
Similar to HLA-A*2445N, the sequence HLA-Cw*0507N had only a partial
CDS provided.
10

4

DISCUSSION AND CONCLUSION

Our study showed that codon and di-codon usage are useful features for
gene classification. Di-codon usage patterns provide additional information
on codon usage as ribosomes actually reside over two codon positions during
translation. Therefore, di-codon usage is a good indicator in gene expression
and molecular evolution studies and therefore, as seen in the experiments,
provides a good feature for gene classification.
The efficacy of our method was demonstrated on a set of HLA genes collected
from IMGT/HLA database. Once HLA genes were classified according to major classes, di-codon usage was further explored for finer classification of the
molecules. For the classification of major HLA classes and HLA subclasses,
the present approach using di-codon usage patterns achieved better overall
accuracies than those obtained by the classifiers using codon usage bias. Furthermore, by combining codon and di-codon features, near perfect accuracies
were achieved with binary and multi-class SVM. The method is independent
of the length of sequences and thus useful when homology-based methods tend
to fail on datasets having genes of varying length (Ma et al., 2009).
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It is evident for the mechanistic basic that base composition varies at all levels
of the phylogenetic hierarchy and throughout the genome. This variation possibly makes reconstructing phylogenetic trees and inferring evolutionary processes difficult (Mooers and Holmes, 2000). Therefore, explicit phylogenetic
studies of base composition are rare. Christianson proposed a simple analysis of codon usage in the parallel divergence of phytochromes in three model
plants. This method can find identical bias for all family members within each
taxon and increasingly divergent patterns of bias between increasingly divergent taxa (Christianson, 2005). Wang and Hickey (2007) studied codon usage
patterns among rice genes and indicated that the differences in codon usage reflect a relatively rapid evolutionary increase in the nucleotide content of some
rice genes. Recently, Yang and Nielsen (2008) modeled selection on codon usage for phylogenetic analysis by introducing codon-fitness and mutation-bias
parameters. These models were applied to predict optimal codon frequencies
for the gene as well as compare mitochondrial and nuclear genes from several
mammalian species. Zhao et al. (2008) used relative synonymous codon usage
(RSCU) and hierarchical clustering method to generate a cluster tree for 44
genes of 11 Human Bocavirus (HBoV) isolates.
In our study, a larger collection of 1,841 Human leukocyte antigen (HLA)
gene sequences was used for gene classification. Further, investigating usage
patterns of codons and di-codons with a clustering method can generate cluster
trees that are useful to understand the processes governing the evolution of
genes in the immune system. Although our demonstration was limited to HLA
11

molecules, the approach is dataset independent and can be applied to any
molecular family for classification. As SVM generalizes well in the experiments,
it could also help the prediction of the function of novel genes.
Di-codon usage is a complicated phenomenon affected by many factors, such
as species, gene function, protein structure, gene expression level, tRNA abundance, etc. Building correlations between di-codon usage patterns and biological phenotypes, and finding their relations and interactions in biology could
unfold valuable biological information and functions of molecules from nucleic
acid sequences. For novel genes, di-codon usage patterns could be used for
their classification and helpful in inferring their function. Therefore, analyses
of di-codon usage patterns with computational techniques that capture inherent rules of translation could be useful for both basic and applied research
in life sciences. Technically, incorporating SVM with patterns of tri-codons
or quad-codons (higher-dimensional features), could be considered to improve
the classification accuracy further. However it appears that the combination
of codon and di-codon usage is sufficient for near perfect accuracy on the HLA
data we have examined here.
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Table 1
Accuracy (Acc), sensitivity (Sn), and specificity (Sp) of HLA classification using
codon and di-codon usage as features for SVM classifier.
Features
Classification

Codon

Di-codon

Codon + Di-codon

Sn

Sp

Acc

Sn

Sp

Acc

Sn

Sp

Major Class

99.30

98.99

99.48

99.95

99.86

100

100

100

100

HLA-I Sub-class

99.73

99.47

99.87

99.82

99.75

99.90

99.82

99.75

99.90

HLA-II Sub-class

98.38

93.82

99.59

99.03

96.35

100

99.84

99.40

100

Pr

ep

rin

t

Acc

16

Table 2
Performance comparison of the present approach with other classifiers using codon
and di-codon usage on the dataset of 1841 HLA genes.
Testing
Cross-validation
Classification
Features
Classifier
Accuracy
Accuracy
mean
SD
mean
SD

Major class
classification

SVM
Codon
LDA
k -NN
SVM
Di-codon
LDA
k -NN
Codon
SVM
+
LDA
Di-codon
k -NN
Homology based method

98.72
88.02
92.30
99.13
90.98
93.70
99.78
92.18
95.76
96.14

0.01
0.03
0.02
0.01
0.14
0.10
0.01
0.13
0.08
0.04

99.30
89.29
93.95
99.95
91.96
95.17
100
93.32
96.63
96.65

0.01
0.02
0.02
0.01
0.13
0.08
0.00
0.12
0.06
0.04

SVM
LDA
k -NN
SVM
LDA
k -NN
SVM
LDA
k -NN
based method
SVM
LDA
k -NN
SVM
LDA
k -NN
SVM
LDA
k -NN
based method

98.60
87.72
93.68
99.47
90.30
94.31
99.64
91.37
94.57
97.51
97.67
88.37
93.02
98.70
91.57
94.65
99.35
93.03
94.81
96.27

0.03
0.02
0.02
0.02
0.08
0.06
0.01
0.08
0.05
0.23
0.03
0.02
0.01
0.02
0.04
0.03
0.02
0.04
0.03
0.24

99.73
88.31
93.82
99.82
91.55
94.66
99.82
92.35
95.82
97.83
98.38
89.03
94.00
99.03
92.06
94.98
99.84
93.13
95.14
96.74

0.03
0.02
0.02
0.01
0.07
0.05
0.01
0.07
0.04
0.23
0.02
0.02
0.01
0.02
0.05
0.03
0.01
0.04
0.03
0.24

Di-codon

ep

HLA-I

rin

t

Codon

Pr

Codon
+
Di-codon
Homology

Sub-class
classification

Codon

HLA-II

Di-codon
Codon
+
Di-codon
Homology
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