
Di-codon Usage for Gene Classification

Minh N. Nguyen1, Jianmin Ma1, Gary B. Fogel2, and Jagath C. Rajapakse3,4,5

1 BioInfomatics Institute, Singapore
2 Natural Selection Inc. San Diego, USA

3 BioInformatics Research Centre, Nanyang Technological University, Singapore
4 Singapore-MIT Alliance, Singapore

5 Department of Biological Engineering,
Massachusettes Institutes of Technology, USA

Abstract. Classification of genes into biologically related groups facil-
itates inference of their functions. Codon usage bias has been described
previously as a potential feature for gene classification. In this paper,
we demonstrate that di-codon usage can further improve classification of
genes. By using both codon and di-codon features, we achieve near per-
fect accuracies for the classification of HLA molecules into major classes
and sub-classes. The method is illustrated on 1,841 HLA sequences which
are classified into two major classes, HLA-I and HLA-II. Major classes
are further classified into sub-groups. A binary SVM using di-codon us-
age patterns achieved 99.95% accuracy in 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. Furthermore, by combining codon and di-codon us-
ages, the prediction accuracies reached 100%, 99.82%, and 99.84% for
HLA major class classification, and for sub-class classification of HLA-I
and HLA-II genes, respectively.

1 Introduction

Genetic information encoded in nucleic acids is transferred to proteins via 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 and its relevance to mutation
studies. When a synonymous mutation occurs, the codon usage varies, but the
resulting protein product remains unchanged. Therefore, codon usage is a good
indicator for studies of mutation and molecular evolution. The pattern of codon
usage has been found to be highly variable [1] and is implicated in the function of
genes in different species. The use of codon usage bias for gene classification was
rarely explored in the past except Kanaya et al. [2] who used the species-specific
characteristics of codon usage to classify genes from 18 different species, mainly
prokaryotes and unicellular eukaryotes. We recently showed that codon usage is a
potential feature for gene classification [3]. Furthermore, using human leukocyte
antigen (HLA) molecules, classification based on codon usage bias was shown to
be inconsistent with molecular structure and biological function of the genes.
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Experimental approaches for gene classification often use microarray data, yet
such methods are costly and tedious. Researchers have begun to use computa-
tional approaches such as machine learning techniques to extract features and
thereby classify gene expressions from microarray experiments to identify genes
belonging to biologically meaningful groups [4]. Because of the large dimen-
sion and the limited sample sizes, these methods have limited utility on larger
datasets. Sequence-based gene classification provides an alternate to expression-
based methods of gene classification. Other sequence-based methods of gene
classification includes homology-based approaches through multiple sequence
alignment [5]. Because of time and space complexities in multiple sequence align-
ment, such approaches are relatively difficult to use on a large number of se-
quences. Moreover, if the lengths or evolutionary distances of sequences differ,
correct alignments are difficult to achieve, resulting in lower gene classification
accuracy. More importantly, the information from synonymous mutations is often
neglected in homology-based approaches despite their importance in evolution.
The classification of genes based on structural features also neglects synonymous
mutations [6].

In this paper, we demonstrate the use of di-codon usage as a promising feature
for gene classification. Di-codon usage patterns contain additional information
for gene classification to those given by codon usage as di-codon usage patterns
encapsulate more global (di-codon frequency) information of a DNA sequence.
Given that ribosomes actually reside over two codon positions when they slide
along mRNA, di-codon usage has a biological rationale to translation of genes.
Noguchi et al. developed a prokaryotic gene-finding program, MetaGene, which
utilizes di-codon frequencies estimated by the GC content of a given sequence
with other various measures [7]. By using di-codon frequencies, their method
achieved a higher prediction accuracy than by using codon frequencies alone
[7]. A hidden Markov model with self-identification learning for finding protein
coding regions from un-annotated genome sequences has been studied and shown
that the di-codon model outperforms other competitive features such as amino-
acid pairs, codon usage, and G+C content in terms of sensitivity as well as
specificity [8]. The gene finding program, DicodonUse, is based on frequencies
of di-codons and used for identification of open reading frames that have a high
probability of being genes [9]. Uno et al. demonstrated that the main reading
frame of Chi sequences (5’-GCTGGTGG-3’) increased as a result of the di-codon
CTG-GTG increasing under a genomewide pressure for adapting to the codon
usage and base composition of the E. coli K-12 strain [10].

In this paper, we use binary and multi-class support vector machines (SVM)
for the classification of genes based on codon and di-codon usage features. Their
good generalization capabilities in classification [11,12,13] make them ideal for
gene classification. We have used SVMs successfully for classifying protein fea-
tures [14,15,16], gene expressions [17], mass spectra [18], and genes based on
codon usage [3]. Others have also demonstrated their use in other bioinformat-
ics problems: Lin et al. [19] to study conserved codon composition of ribosomal
protein coding genes in E. coli, M. tuberculosis, and S. cerevisiae; Bhasin and
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Raghava [20,21] for the prediction of HLA-DRB1*0401 binding protein and Cy-
totoxic T lymphocyte (CTL) epitopes; Donnes and Elofsson for the prediction
of MHC class I binding peptides [22]; and Zhao et al. for the prediction of T-cell
epitopes [23].

By using di-codon usage pattern as input feature for SVM, we demonstrate our
method for gene classification on a dataset of 1,841 HLA gene sequences collected
from the IMGT/HLA Sequence Database. The proposed approach achieved sub-
stantial improvement in classification accuracies of HLA molecules into HLA-I
and HLA-II classes, and their subclasses. We compare our results when using
codon usage alone as input feature, and with homology-based methods.

2 Materials and Methods

2.1 Data

Recently, there has been an increase of the number of nucleic acid and protein
sequences in the international immunogenetics databases [24,25,26], which has
enabled computational biologists to study human and primate immune systems.
In order to demonstrate our method, we use a set of HLA genes, obtained from
HLA ImmunoGenetics (IMGT/HLA) database of European Bioinformatics In-
stitute (EBI) (http://www.ebi.ac.uk/). 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) and produces glycoprotein products to initiate the immune response of the
body [27]. HLA or human MHC molecules are a vital component of immune
response and take part in the selection process of thymus cells, genetic control
of immunological reaction, and interactions between immunocytes. The primary
function of HLA molecules is to bind and present antigens on cell surfaces for
recognition by antigen-specific T-cell receptors (TCR) of lymphocytes. Immune
reactions involve interactions between HLA molecules and T lymphocytes [28];
T-cell response has subsequently been restricted not only by the antigen but
also by HLA molecule [29]. Furthermore, HLA molecules are involved in the
production of antibodies, which process is also HLA restricted by gene prod-
ucts from the class II molecules [30,31]. HLA gene products are involved in the
pathogenesis of many diseases including autoimmune disorders. The exact mech-
anisms behind HLA associated risk of autoimmune diseases remain to be fully
understood.

We first demonstrate our approach through the classification of HLA genes
into major classes HLA-I and HLA-II. The major classes are then divided
into sub-classes: HLA-I molecules are classified into HLA-A, HLA-B, HLA-
C, HLA-E, HLA-F, and HLA-G types, and HLA-II molecules are classified
into HLA-DMA, HLA-DMB, HLA-DOA, 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. This is consistent with the protective function of cytotoxic
T lymphocytes (Tc) which continuously survey cell surfaces and destroy cells
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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. 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 [24,25,26]
of EBI (Release 2.7, 10/08/2004, 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 Or-
ganization. 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. and the
errors were then curated manually.

Because there are 61 different codons coding for amino acids, in order to have
a sufficient sampling of codons for computation, coding sequences of less than 50
amino acids were excluded from this analysis [3], resulting in 1,841 HLA genes.
The details of this dataset are available in [3]. Di-codon usage patterns were
calculated for each sequence and used as input features for SVM in classifying
input HLA sequences into main- and sub-classes. The input to SVM was a 4096-
dimensional vector derived from di-codon usage values. Binary SVM was adopted
for classification of main classes and multi-class SVM was adopted for sub-class
identification of HLA-I and HLA-II molecules.

2.2 Di-codon Usage

Let the coding sequence of the gene in terms of codons be denoted by 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 codons. The di-codon usage pattern is
given by the fractions of di-codon types within the coding sequence and captures
the global information about the gene sequence. The di-codon usage rcjck

is
measured by the fraction of di-codons (cj , ck) ∈ Ω2 of the sequence s:

rcjck
=

1
n − 1

n−1∑

i=1

δ(si = cj)δ(si+1 = ck) (1)

where δ(·) = 1 if the argument inside is satisfied, otherwise is 0. Di-codon pat-
terns have a fixed length of 4096 (64×64) irrespective of the length of the se-
quence. Let r = (r1, r2, . . . , rk, . . . , r4096), where rk ∈ [0, 1], denote the feature
vector consisting of di-codon usages derived from the input sequence s.

2.3 Binary SVM

A binary SVM classifier was adopted to classify HLA gene sequences into two
main classes: HLA-I and HLA-II. The problem of classifying HLA sequence, s,
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into major classes is seen as to find the optimal mapping from the space of
di-codon usage patterns to HLA-I and HLA-II classes, respectively.

Let {(rj , qj) : j = 1, 2, . . . , N} denote the set of all training exemplars where
qj denotes the desired classification, HLA-I or HLA-II, for the input di-codon
usage pattern, rj , so that the output qj is −1 if the correct class is HLA-I or +1 if
the class is HLA-II; N denotes the number of training sequences. SVM implicitly
projects the input to a higher dimensional space with a kernel function K and
then linearly combines them with a weight vector w to obtain the output. The
binary SVM was trained to classify input vectors of di-codon usage patterns to
correct major class of HLA by solving the following optimization problem:

Minimize
1
2
wT w + γ

N∑

j=1

ξj

subject to the constraints:

qj(wT φ(rj) + b) ≥ 1 − ξj and ξj ≥ 0 (2)

where slack variables ξj represent the magnitude of error in the classification,
φ represents the mapping function to a higher dimension, b is the bias used
to classify samples, and γ(> 0) is the sensitivity parameter which decides the
trade-off between the training error and the margin of separation [11,12]. The
minimization of the above optimization problem was done by solving a quadratic
programming problem. And the class corresponding to the input pattern of di-
codon usage values is determined by the resulting discriminant function obtained
from the optimization [3].

2.4 Multi-class SVM

Multi-class SVM was adopted to classify HLA sequences to sub-classes of HLA-I
and HLA-II molecules. A scheme proposed by Crammer and Singer [32] for multi-
class SVM was used, which has the capacity to solve the optimization problem in
one step while minimizing the generalization error in the prediction [16].

For HLA-I classification, SVM was used to construct three discriminant func-
tions all of which are obtained by solving one single optimization problem:

Minimize
1
2

∑

c∈Ω1

(wc)T wc + γ

N1∑

j=1

ξj

subject to the constraints

(wtj )T φ(rj) − (wc)T φ(rj) ≥ dc
j − ξj (3)

where tj ∈ Ω1 = {HLA-A, HLA-B, HLA-C} denotes the desired subclass for
input rj , N1 denotes the number of training sequences of HLA-I molecules, slack
variables ξj represent the magnitude of error in classification, c ∈ Ω1 denotes

the predicted subclasses of HLA-I sequence, and dc
j =

{
0 if tj = c
1 if tj �= c

.
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The minimization of the above optimization problem in Eq. (3) was done by
solving the quadratic programming problem. Based on the resulting discriminant
function, the subclass of HLA-I corresponding to the input pattern of di-codon
usage values is determined [3]. For HLA-II, five discriminant functions f c, c ∈
Ω2, and Ω2 = {HLA-DPB1,HLA-DQA1,HLA-DQB1,HLA-DRB1,HLA-DRB3}
are constructed, each obtained by solving one single optimization problem as
formulated in Eq. (3). The subclass of HLA-II, corresponding to the input pat-
tern of di-codon usage was determined by the resulting discriminant function
obtained from the optimization [3].

3 Results

Binary SVM was implemented using LIBSVM [33] known to have faster conver-
gence properties than other tools available for solving the quadratic program-
ming problem [34]. For sub-class classification of HLA-I and HLA-II molecules,
multi-class SVM was implemented using BSVM libraries [34]. Ten-fold cross-
validation was used to evaluate the accuracy in HLA major class classification
as well as HLA-I and HLA-II subclass classifications. In order to avoid selec-
tion of extremely biased partitions in cross-validation, the dataset was divided
randomly into ten balanced partitions of equal size. In addition, we also used
specificity and sensitivity to assess the performance of the prediction scheme [3].

For binary and multi-class SVM, the Gaussian kernel K(x,y) = e−σ‖x−y‖2

gave superior performance over linear and polynomial kernels for classification
of HLA molecules. This was also observed in the case of gene classification using
codon bias as features [3]. The sensitivity parameter γ and the Gaussian kernel
parameter σ were determined by using the grid-search method [34]. Grid-search
provides useful parameter estimates for multi-class SVM in a relatively short
time.

The classification accuracy of binning 1,841HLA sequences into either HLA-I or
HLA-II classes using binary SVMs was evaluated using ten-fold cross-validation.
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 classifica-
tion of HLA molecules. 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 se-
quences) 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 sub-
class classification, so the total number of sequences included in the experiment
was 617. 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 param-
eters 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 pre-
sented in Table 1. The standard deviation of cross-validation accuracies of HLA
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Table 1. Accuracy (Acc), sensitivity (Sn), and specificity (Sp) of the classification of
HLA molecules by using codon and di-codon usage as features for SVM classifier

Features:usage

HLA Classification codon di-codon codon + di-codon

Acc Sn Sp Acc Sn Sp Acc Sn Sp

Major Class 99.30 98.99 99.48 99.95 99.86 100.0 100.0 100.0 100.0

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 96.35 100.0 99.84 99.40 100

Table 2. Comparison of performances of the present approach using codon and di-
codon usage on the dataset of 1841 HLA genes

Testing Cross-validation

HLA Classification Features/Method Accuracy Accuracy

mean SD mean SD

Codon 98.72 0.01 99.30 0.01

Major class Di-codon 99.13 0.01 99.95 0.01

Codon + Di-codon 99.78 0.01 100 0.00

Homology based method 96.14 0.04 96.65 0.04

Codon 98.60 0.03 99.73 0.03

HLA-I Di-codon 99.47 0.02 99.82 0.01

Codon + Di-codon 99.64 0.01 99.82 0.01

Sub-class Homology based method 97.51 0.23 97.83 0.23

classification Codon 97.67 0.03 98.38 0.02

HLA-II Di-codon 98.70 0.02 99.03 0.02

Codon + Di-codon 99.35 0.02 99.84 0.01

Homology based method 96.27 0.24 96.74 0.24

major class classification, HLA-I subclass classification, and HLA-II subclass
classification were 0.01, 0.01, and 0.02, respectively, indicating a little effect of
data partitioning (referred in Table 2).

We also investigated the combination of codon and di-codon features for the
classification of HLA molecules into major classes and HLA-I/HLA-II molecules
into their subclasses. A total of 4155 features including relative synonymous
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codon usage of 59 codons [3] and 4096 di-codon usage values were used as in-
put for the classification. Table 1 shows the ten-fold 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 fea-
tures for HLA sequence classification, the binary SVM achieved the highest ac-
curacy of 100% 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 param-
eters γ = 1 and σ = 0.25, interestingly, for both classes.

In order to evaluate testing accuracies of the present method, the dataset was
randomly divided 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 parame-
ters 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 stan-
dard deviation of accuracy were calculated and given in (Table 2). As seen, the
testing and cross-validation accuracies are close, indicating good generalization
ability of the method.

3.1 Comparison with Homology-Based Methods

In order to compare discriminating power of di-codon usage pattern, homol-
ogy based distance matrices were used for the classification of HLA sequences,
HLA-I sequences, and HLA-II sequences. The multiple sequence alignment on
sequences was performed by using ClustalX [35] and the distance matrix was
constructed by pairwise similarities of aligned sequences. The distance matrix
has been shown previously as an effective feature for clustering or classification
of aligned sequences [36]. Using the distance matrix as 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 pattern gives im-
provement in classification accuracy and is an effective feature for classification
of HLA genes.

4 Discussion and Conclusion

Codon and di-codon usage are useful features in synonymous mutation studies
in molecular evolution because when a synonymous mutation occurs, though
the phenotype (the coded protein) does not change, the codon usage pattern as
well as features such as the gene expression level are affected. 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, as seen
in our experiments, provides a good feature for gene classification.
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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 were further explored for more precise classification of
the molecules. In major class classification of HLA molecules and subclass clas-
sifications of HLA-I and HLA-II molecules, the present approach using di-codon
usage patterns achieved better overall accuracies than obtained by the classifiers
using codon usage bias. The results in classification of HLA genes, using codon
and di-codon usage as features for SVM were near perfect. The method is inde-
pendent of the lengths of sequences and useful when homology-based methods
tend to fail on datasets having genes of varying length. Also, in case of SVM,
testing and cross-validation accuracies were close, indicating that the parameter
estimation and kernel selection procedures were not sensitive to data.

Since the classifications of HLA molecules into their subclasses were accurately
achieved with di-codon usage patterns, the functions of HLA molecules should
be closely related to di-codon usage. Although our demonstration was limited
to HLA molecules, the approach could be generalized and applicable for the
classification of other groups of molecules as well. As the method generalized
well in the experiments, it could also help in the prediction of the function of
novel genes. The authors are unaware of any public datasets for benchmarking
gene classification algorithms such as the approach presented here.

Di-codon usage is a complicated phenomenon affected by many factors, such
as species, gene function, protein structure, gene expression level, tRNA abun-
dance, etc. Building a correlation between di-codon usage patterns and biological
phenotypes and finding the relationships and interactions can result in unfold-
ing valuable biological information from nucleic acid sequences. For novel genes,
di-codon usage patterns could be used for their classification and helpful in in-
ferring their function. Therefore, analyses of di-codon usage patterns with com-
putational techniques that capture inherent rules of translation could be useful
for both basic and applied research in life sciences. Investigating usage patterns
of which codons and di-codons most affect the classification of genes is worthy
of further exploration. Recently, error-correcting output codes (ECOC) provide
a general-purpose method for improving the performance of inductive learning
programs on multi-class problems. Therefore, a comparison of the multi-class
SVM with ECOC methods for multi-class gene classifications could be helpful
and is reserved for future work.
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