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Abstract: The DNA sequence classification plays a vital role in bioinformatics to categorize the unknown DNA sequence. In the present
article a new approach for DNA classification has been proposed. DNA sequences belong to six different classes are put under the light
of present research for classification. A popular classification model SVM has been analysed for exploring the insights of it. Two kernel
functions namely Radial Basis and Polynomial are kept under deep analysis for integrating these kernels. These two kernel functions are
successfully integrated. An experiment has been carried out by integrating Radial Basis Function with Polynomial kernel. The
performance has been measured using metrics such as Precision, Recall, F1-score, and Accuracy. The performance of the methods
adopted in the present research has also been shown using Precision-Recall curve and ROC curve. The individual accuracy achieved by
Radial Basis Function and Polynomial function is 80.6% and 82.7% respectively. The proposed novel model has achieved accuracy of

98.4%. The result clearly shows that the proposed integral kernel has outperformed the Radial Basis and Polynomial functions.
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1. Introduction

DNA is a polymer comprised of two polynucleotide chains
that are arranged in a double helix. The organisms have
genetic data in DNA which is responsible for growth and
other operations of the organism. The strands of DNA
composed of nucleotides named as as polynucleotides. The
nucleotide is composed of phospohate, sugar and
nucleobases. The nucleobases are cytosine [C], guanine
[G], adenine [A] and thymine [T]. The nucleotides are
joined together to form backbone of DNA. The strands are
connected by hydrogen bonds according to pairing
principle [1, 2]. A standard laboratory procedure for
identifying the precise arrangement of bases, or
nucleotides, in a DNA molecule is named as "DNA
sequencing." The base sequences contain the essential
information that cells need for their function. The bases are
represented as A, T, C, and G. The DNA sequencing is
necessary to comprehend how gene and other parts of the
genome function [3].

DNA sequence categorization is the process of determining
the extent to which an unidentified sequence S belongs to
an already-existing class C. Classification is a crucial
machine learning research activity [4, 5]. Its objective is to
create a classification method using the training data set to
predict how future, unlabeled items will be classified. The
categorization of known
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genes as a certain type of data is a problem that frequently
arises in knowledge discovery [6, 7, 8]. By identifying the
kind of DNA sequence dependent around how identical its
organization or functioning is with that of other sequences,
sequence classification aids in finding the genetic traits in
nucleotide sequences. It also predicts the function of each
sequence and how they relate to one another.

The SVM method predicts whether a new instance falls
into the same category or a different one by representing
the data in the space of n dimensions [9, 10]. The SVM
works with Kkernel system for classification. The most
important kernels with which SVM works are Gaussian
kernel, Radial Basis Function, Sigmoid kernel and
Polynomial kernel. Among these kernel functions two
kernels namely Radial Basis Function and Polynomial
have been taken for analysis. Classification problems can
be effectively handled by the potent machine learning
method known as Radial Basis Function Support Vector
Machine (RBF SVM). This non-parametric model
performs effectively when dealing with high-dimensional,
non-linear data. The way that RBF SVM operates is by
projecting the input data onto a higher-dimensional feature
space, which allows a hyperplane to divide the classes. The
algorithm calculates the similarity between pairs of data
points in the feature space using a kernel function, such as
the Radial Basis Function. Another well known kernel
function is polynomial kernel function. Considering the
polynomial functions of the original features, the
polynomial kernel transfers the input data into a higher-
dimensional feature space.
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2. Literature review

Circular graphs were presented as a model of DNA
sequence for classification [11]. Here, a query DNA was
classified by matching it with words stored in the database.
This method has achieved 94% of accuracy. A method was
presented for categorizing the DNA sequences based on
vector space [12]. In this method, the author has used
Principal Component Analysis (PCA) for DNA
classification. This approach was able achieve accuracy of
96% in the classification of extrons and introns. A
classification model was proposed to identify DNA
sequence which includes E. Coli sequences [13]. This
model is based on neural network and the author has
claimed that the proposed model outperformed other
existing prediction systems. They used four coding
approaches for encoding the DNA sequences and four
neural networks was trained using the encoded DNA
sequence. The results of four neural networks were
integrated using logarithm function. The primary flaw in
the neural network architecture is the problem in acquiring
the optimal neural network parameters.

To categorize the DNA sequences of E.Coli promoters a
classification model was proposed which adopts
expectation-maximization [14]. In this approach, a new DL
model was proposed. Here, author has concluded that main
weakness of the DL method is need of data for training the
system. He used enhanced expectation-maximization
method for finding 35 and 10 adhering sites in the E.coli
promoter sequence. It is no more believed that there will be
a consistent arrangement of spacer lengths across binding
sites. The probability model of the lengths was derived by
him. In line with the details given in the sequence, he
selected and applied orthogonal computational model to
represent the features. Subsequently, the features are sent
to neural network for sequence recognition. With a number
of datasets, this strategy worked effectively.

Hidden Markov model called VOGUE was proposed [15]
which use changeable sequence mining method to find
interesting patterns with varied durations and distances
across the elements. The accuracy of the model is greater
than the traditional hidden markov model. The model’s
ability to generalise is affected by the fact that the frequent
patterns of the components in the sequence do not included
in the model.

In recent times, the convolutional neural networks (CNN)
have gained popularity as a deep learning model [16]. The
CNN can be employed to examine data and derive
semantic information [17, 18, 19]. A model which
employed DNA sequences as textual information and
developed a unique approach for categorizing DNA
sequences using CNN [20]. This technique utilizes a one-

stop vector to express the sequence as the model’s input.
As a outcome, it records the data for every nucleotide in
the basic location sequence. Model has been assessed
using twelve data sets of sequences and the result has
shown that model has significantly enhanced on every
dataset. The model has achieved cross validation accuracy
of 85.41%. The continued progression of deep learning
produced innovative strategies for DNA sequence analysis.
In supervised machine learning classifiers, feature
extraction is an important pre-requisite. Two unique DL
models presented and their performance was evaluated
using five datasets [21]. The experiment has shown that
neural networks have the ability to extract useful features
from the input data.

In the present article, Support Vector Machine (SVM) has
been explored for classification of DNA sequences. Two
kernel functions namely Radial Basis Function (RBF) and
Polynomial function have been considered for developing
a new kernel function for SVM. A new kernel is obtained
by integrating RBF with Polynomial function as explained
in the next section.

3. Materials and Methods

The data set of DNA sequence has been used been in the
experiment. The data set has 4380 DNA sequences belong
to seven classes. The classes are labelled from class O to
class 6. There are 531 sequences belongs to class 0, 534
sequences belongs to class 1, 349 sequences belong to
class 2, 672 sequences belong to class 3, 711 sequences
belong to class 4, 240 sequences belong to class 5 and
1343 sequences belong to class 6.

The present article explores the performance of novel
kernel in SVM for classification of DNA sequences. The
kernel functions namely RBF kernel [22], Polynomial
kernel [23] and Integral kernel have been experimented to
spread light on their ability to perform DNA classification.
The DNA classification needs few steps as shown in Fig.
1.
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DNA class
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Fig. 1. The phases of DNA classification
3.1 DNA encoding

The DNA sequence must be transformed into specific
value to make it suitable for providing it as input to the
classifiers. Sequential encoding, one-hot encoding, and k-
mer encoding are the methods of encoding can be used for
DNA sequencing [24]. In the present experiment, K-mer
encoding has been used.

3.1.1 k-mer encoding

K-mers are k-length substrings of a genetic pattern that are
used in bioinformatics [25]. K-mers, which are made up of
nucleotides (such as A, T, G, and C) and are mostly
utilised in the field of computational genomics and
sequence analysis, are used to construct DNA sequences,

enhance differential gene manifestation, discover
organisms in metagenomic materials, and develop
weakened vaccines. Typically, the phrase "k-mer"

corresponds to each k-mer fragment in a string.
3.2 Integral Kernel

The Radial basis function given in Eq. (1) has been
integrated with polynomial function given in Eq. (2) to
obtain a novel integral function shown in Eq. (3).
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kernel in SVM for DNA classification,
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4, Results

As a preprocessing step the DNA sequences have been
encoded. For this k-mer encoding was used. The value of k
is taken 6 and hence it is called 6-mer encoding. The
encoding of the training sequences into k-mer words of
length six is done as shown in Fig.4.
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[atgcee, tgeecc, geceea, ccccaa, cocaac, coaac...
[atgaac, tgaacg, gaacga, aacgaa, acgaaa, cgaaa...
[atgtet, tgtgtg, gtgtge, tgtgge, gtgeca, tggea...
[atgtet, tgtgtg, gtgtge, tgtgge, gtgeca, tggea...
[atgcaa, tgcaac, gcaaca, caacag, aacagc, acagc...

N N L

Fig. 2: K-mer encoding of training data

The dataset is divided into training and testing set in the
ratio 80:20. The encoded training set is provided as input
to the SVM with different kernels. The result of each
kernel is discussed below. The confusion matrix for RBF,
Polynomial and Novel Integral Kernel has been presented
in Fig. 3. The performance of the kernel functions has been
evaluated using metrics such as Precision, Recall, F1-score
and Accuracy and the results have been tabulated in Table
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Fig. 3: Confusion matrix for human DNA sequence
classification using (a) RBF Kernel (b) Polynomial Kernel
(c) Integral Kernel

Table 1. Performance of classifiers

Classifier Precision| Recall | Accuracy| F1-
score

RBF 87.9 80.6 80.6 813
Polynomial 87.4 82.4 82.4 82.7

Integral kernel 93.7 92.3 98.4 924
(RBF+Polynomial)

From the results generated as presented in Table 1 it is
found that developed kernel is producing desirable results.
The PR and ROC curves have been plotted for RBF,
Polynomial and Integral kernels and the same has been
presented in Fig. 4 to Fig. 6. The precision, recall,
accuracy and F1 score are 87.9, 80.6, 80.6 and 81.3
respectively for RBF, 87.4, 82.4, 824 and 82.7 for
Polynomial, and 93.7, 92.3, 98.4 and 92.4 for integral
kernel.
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Fig. 6: (a) PR curve (b) ROC Curve for RBF

The AUC values of the kernel functions are tabulated in
Table 2.

Table 2: AUC of classifiers

Kernel AUC
cilci[c2[c3afcacs] ce[Avs.
RBFE | 095095099098 ]|097 097099097
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The results have shown that all the classifiers are suitable
for classification of DNA sequences. The accuracy
achieved by SVM with RBF kernel, Polynomial kernel and
Novel Integral Kernel is presented in Table 3.

International Journal of Intelligent Systems and Applications in Engineering

IJISAE, 2024, 12(3), 3737-3743 | 3741



Table 3: Comparison of novel kernel with RBF and
Polynomial kernels

Kernal Accuracy
RBF 80.6
Polynomial 82.4
Novel Integral Kernel 98.4

5. Conclusion

The DNA sequences are classified using SVM classifier
using three different kernels. The existing kernels namely
RBF and Polynomial are used to test the performance of
SVM. The RBF kernel and polynomial kernel have
achieved accuracy of 80.6 and 82.4 respectively. These
two kernels are analyzed for integration to achieve better
accuracy. The RBF kernel is integrated with Polynomial
kernel to get a new kernel for SVM function. The resultant
kernel has achieved accuracy of 98.4%. The ROC curve
has also been drawn and AUC values have been analyzed.
The AUC values of RBF, Polynomial and Integral kernels
are 0.97, 0.94 and 0.98 respectively. The overall analysis
shows that there exists a space to integrate kernel functions
to get better accuracy in classification problems.
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