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Abstract— Bioinformatics are rapidly and fast growing area of proteomics and genome. Protein datasets and their
vector space are large in size. This results in difficulty for SVM classifier to train large group of protein sequence
datasets. Therefore, the basic classification algorithms cannot handled the problem to train large support vectors. The
objective of this study is using kernel, optimize the classifier support vector and enhance the classification accuracy. In
this work, k-fold cross validation is used on different type of SVM kernels ,experimental test accuracy of protein
function classes is found to be in RBF kernel is 97.09%. This work suggests the usefulness of SVM kernel methods in
the cataloguing of protein functional classes and its possible application in protein function prediction.
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I. INTRODUCTION

Machine learning classification algorithms are
widely implemented in field of bioinformatics.
Protein function prediction is major task to find the
various functional and structural class of protein
from sequence information alone[4]. Support
vector machine (SVM) kernel methods are a class
of algorithms for matching the patterns, it find the
similarity and relation form heterogeneous and
homogenous data sets[3]. Ordering this different
pattern relation and similarity based on ranking,
co-relation, classification, clusters and degree of
similarity , kernel captures the inner information
between all pair of sequence dataset in the feature
space in the form of kernel trick. most kernel
algorithm are based on optimization[2]. The kernel
based training parameter tuning and feature
selection parameter significant impact on the
classification accuracy. Support vector classifier
has an explore on a number of various protein
classes in cell binding site and determining protein
function[1]. These information utilize multiple
data sources in a combined sequence pattern.
Proteins function responsible in cell distribution of
immune system, response to drug absorption,
finding disease, and protein-protein interaction[5].

Kernel based learning methods problem formulate
for dimension of the original vector space, due to
this reasons high throughput protein data, the
kernel replace the traditional Euclidean inner
vector space. With the collected sequence
information, main attention to the expansion of
methods for the prediction of protein function
[5,8,9,10] from the sequence. As a result,
alternative classification methods to be developed
in the study of protein function. In [17] have used
Multiple Kernels methods for predicting protein
function. Authors [16] have proposed a special
multilable transductive classifier design to predict
multiple functions form several unlabeled proteins
sequence data. [15]The method is simpler and
faster, and further composite networks with
improved function prediction accuracy .In paper
[18] have used ,an ensemble classifier to predict
accuracies form subcellular location of protein
function benchmark datasets using KNN and SVM
algorithms. In papers [13,14,23] have ,the
improved prediction accuracies and this reveals
that gene ontology annotations and hydrophobicity
of amino acids help to predict subcellular locations
of eukaryotic proteins. In [12] have proposed
combining heterogeneous sources of data is
essential for accurate prediction of protein
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function. SVM potentially have been used by
various researcher for protein function prediction.

I1 Support vector Machine (SVM)

Support vector machine is the most popular
classifier. It is supervisor learner based on
statistical learning theory, widely used for proteins
structure and function. Generally, SVM is used for
both binary and multiclass separation. In the case
of linear data, SVM draws a separating line called
hyper-plane, which plays the role of decision
surface to separate the data into two different
classes.

A. Protein sample selection and kernel method

Machine learning tool is the knowledge learning
based on decision in classification and prediction
phase. Decision making parameters should be
deployed classifier for fast identification of new
patterns detection efficiently. Two important
powerful tool in machine learning theory are neural
network and kernel methods[5,23].Protein
microarray data feature representation in vector
space in a mxn data matrix form, its row and
column vector depends on protein sequence
analysis[5].

Feature representation in Vector Space: vector
depends on sequence data analysis, classification
of genes. The feature vectors will correspond to the
rows (instead of columns), i.e. the feature vector of
the j sample will be expressed as,

y() =x()1 x()2 ... x()n for j=1,....m (1), a feature
vector will be represented by an m dimensional
vector formed by m sequence data. Vector space
Linear algebra provides the basic theory of
manipulating the patterns in vector spaces. The
basic vector algebra covers the ideas of linear
independence, subspaces and their spans, norm and
inner product, and linear transformations. The
fundamental concept of the vector space (or linear
space) plays a key role in most mathematical
algorithms in machine learning, the notion of
intrinsic space associated with a kernel function.
The intrinsic space is so named because of
independent of the training dataset. The dimension
of the space is denoted by j and will be referred to
as the intrinsic degree. This degree indicates the
training efficiency and computational cost.

B Feature representation and dimension reduction

The kernel-based learning models may be based on the
following representations.

Intrinsic-space representation:- This is
conceptually simpler and involves a full process
with explicit feature mapping to the intrinsic space,
the learning model will treat the intrinsic dataset
just as the original dataset.

In kernel based SVM classification transforms
amino acid sequence into kernels and then
integrated into a by following steps [4],[34]:

Step 1. Feature Mapping and then train a classifier.
Step 2. SVM kernel optimizes the weights of
vectors.

Dimension of the intrinsic kernel vector space,
both steps jointly determined by the kernel function
and the training dataset as shown in fig.3.

I11 Experimental Setup

A Data Set Description

In this study ,data collected from protein data bank
Swiss-Prot  (collected 560,459 amino acid
sequences), namely Human(20,431),
Mouse(17,019), and Rat(8,068). All these protein
benchmarks amino acid sequence data are
downloaded from the Swiss-Prot(Protein Data
Bank) in FASTA format. fig 1 filtered the proteins
in species class and their functional annotation, in
this data preprocessing there is 45,518 protein
sequence after data parsing as shown in fig. 2.
Study by Mostafavi[19] filtered the proteins
sequence,to include only those functions that had
at least 30 proteins and at most 100 proteins. In
paper [19], protein function annotated according to
the biological process function categories in the
gene ontology database. Thus, in all total of 3509
functions is annotated. The statistics of function
annotated protein listed in Table 1.

TABLE1.Protein Function Prediction Benchmarks Statistics

Dataset Proteins Sequence
Human 20,431

Mouse 17,019

Rat 8,068

Total Function 3509
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Fig.1 Data Pre-processing

Data parsing during pre-processing and feature
selection are important in classification. For each
amino acid sequence, feature vectors dimensions
encoded to representations residue properties. In
this study, we implement in Python (HP Z80
workstation).

IV Result and discussion

A. Accuracy

Training and testing accuracies: The training
accuracy is a common metric used to learned
classifier can differentiate the positive and negative
data drawn from the training dataset.

In testing accuracy reflect the classification
accuracy of the learned classifier on the testing
dataset, which has no overlap with the training
dataset. Testing and prediction accuracies It is
commonly accepted that the testing accuracy
serves as a reasonable indicator of the prediction
performance. Therefore, all the learned kernel
classifiers must undergo the evaluation process
during the testing phase. The SVC based kernel
receiving the best cross-validation will be deployed
for protein function prediction fig 4. Prediction
accuracy of results is commonly measured by the
quantity of True Positives (TP), True Negatives

(TN), False Positives (FP), False Negatives (FN)
[12],[21]. In additional quantity to measure these
Is sensitivity, specificity and overall accuracy (Q)
performance measures defined by
Sensitivity = TP/(TP + FN), 2
Specificity = TN/(TN + FP), 3)
Q(overall accuracy) = _TP+TN 4)
TP+TN+FP+FN

are also useful in assessing the prediction accuracy
. All these quantities are used in the evaluation of
SVM kernel classification of proteins in this work.

B. Parameter Tuning and Results

In this study K-fold cross validation is applied on
protein sequence. The C and gamma vy functions are
tuned to fitting data sample into train class and test
class. as show in Table 2

Table 2. 5- fold cross validation parameter

Parameter C Y
Kernel

RBF 2! 27
Linear 20 2°
Polynomial 20 26

Prediction accuracy depends on various feature
descriptor vector and diversity of protein sample.
SVM kernel methods has been improved with the
more protein data, shown in Table (3).

Table 3. Overall accuracy results based on support
vector classifier with different kernels.

Protein datasets Overall
[Human, Accuracy%
Mouse,
Rat]

58.13
SVC with Linear Kernel
Linear SVC with Linear 63.03
Kernel
SVC with RBF kernel 97.09
SVC with Polynomial 68.89
Kernel
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Accuracy range in this study is RBF kernel 97.09
% good perform as compare with other kernel.
Accuracy of linear kernel is 58.13% and 63.03%
and polynomial kernel accuracy is 68.89%. The
sensitivity and specificity are the range of 51.10%-
96.7% and 89.01-99.6%, respectively. Therefore in
this experimental results observed RBF kernel is
best in classification of proteins into specific
functional class shown in fig. 4a and 4b.

V  Conclusion

Testing results on protein data, Human, Mouse and
Rat sequence functional classes suggests that SVM
appears to be a potentially useful tool for protein
function prediction by means of classification of
proteins into specific functional classes. Further
works on samples collection for every functional
class, refined samples selection, and improvement
of SVM kernel and feature vector selection will
help in development of SVM into a practical
protein function prediction tool. Machine learning
methods may be further improved by choosing a
more refined set of samples for each classes.

Overall accuracy
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Fig. 4b. Classification Bar-chart of Support vector classifier
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