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Abstract— Prediction of secondary structure of protein is imp-
ortant problem in bioinformatics, because the tertiary
structure of protein can be determinant from the folds that are
found in the secondary structure. Knowing the tertiary
structure of protein can help us to find the function of protein.
Moreover knowing the function of protein help to create of the
antibody of protein and their work in human body. Protein
secondary structure prediction mostly depends on the
information stored in the primary amino acid sequence.
Support Vector Machine (SVM) has shown special ability of
predicting in a number of application areas including
secondary structure prediction. The objective of this paper is
to find out the protein secondary structure prediction using
Support Vector Machine (SVM). However we introduce six
binary classifiers as an almost new technique. We distinguish
between the classes helices (H) strand (E), and coil (C). In this
paper, we predict secondary structure using Gaussian kernel
with a fixed a parameter at y=0.1 and varying cost parameter
C within the range [0.1, S]. The goal of our approach is to
propose a time efficient method for checking accuracy using
different tests. Our results show the prediction accuracies are
in the range 62-72%. More specifically, our results for H/~H,
E/~E, C/~C, H/E, E/C and H/C are respectively 66.25%,
72.28%, 62.58%, 65.33%, 68.56% and 70.85%. The highest
accuracy of 72% for OAtest is observed for the
One-Against-All approach while the highest accuracy of about
70% is observed in One-Against-One approach on OAtest. We
say that our approach is simple with better time complexity in
comparison to Tsilo’s work.

Keywords— Secondary Structure; Support Vector Machine;
Binary Classifiers; OAtest.

I. INTRODUCTION

Protein secondary structure is closely related to the protein
tertiary structure, which determines the characteristically
behavior of the proteins. Many researches have been done
over the decades to study and predict the protein structure.
Till date, the total number of experimentally determined
structures is less than twenty thousand (Protein Data Bank)
whereas there are over a million known protein sequences. It
is therefore becoming increasingly important to predict
protein structure from its amino acid sequence, using insight
obtained from already known structures [6].
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There are about 5 million protein sequences available from
http://www.ebi.ac.uk and about fifty thousand protein
known sequences that are available in
http://www.rcsb.org/pdb/ [1]. Different techniques have
been developed that can predict secondary structure of
proteins from their amino acids sequences. They are based
on different algorithms, such as Statistical Analysis (Chou
and Fasman, 1974),Information theory, Bayesian Statistics
and Evolutionary Information (Sen, Jernigan, Garnier, and
Kloczkowski, 2005), Neural Networks (Holley and Kurplus,
1989; Qian and Sejnowski, 1988), Nearest Neighbour
Methods (Salamov and Salovyev, 1995), a combination of
multiple alignment and Neural Networks (Rost and Sander,
1993). For these approaches, the accuracy levels are in the
range 65-80% [1].

II. SUPPORT VECTOR MACHINE

The SVM method is a comparatively new learning
system which has mostly been used in pattern recognition
problems. Support Vector Machines are machine learning
algorithms implemented for classification and regression
[5]. For classification, Support Vector Machines operate by
finding a separating hyper plane in the space of possible
inputs. This hyper plane attempts to split the positive
examples from the negative examples. The split will be
chosen to have the largest distance from the hyper plane to
the nearest of the positive and negative examples. Data
points that are at the margin are called Support Vectors.
These data points are very important in the theory of Support
Vector Machines because they can be used to summarize
information contained in the dataset. [S]. The hyper plane
with a maximum margin allows more accurate classification
of new points. However, not all problems can be linearly
separated by a hyper plane. For such problems, the resulting
algorithm is formally similar, except that a nonlinear
transformation of the data into a feature space is performed.
This allows the algorithm to fit the maximum margin hyper
plane in the transformed feature space. Kernels are used to
perform the mapping [1].

III. PROTEIN SECONDARY STRUCTURE PREDICTION

Protein structure can be used to infer bio-chemical and
biological functional information, and in identification of
amino acids that are involved in active site. The functional
properties of proteins depend upon their three dimensional
structures [1]. To understand the biological functions of
proteins, the structure of a protein from the amino acid
sequence should be known beforehand. Protein Secondary
Structure Prediction is accomplished in five major steps.
They are as follows:
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e Sliding Window Scheme,
e Orthogonal Input Profile,
¢ Reshape the Orthogonal Input,
e Learn Input Using SVM,

¢ Secondary structure assignment.

A. Sliding Window Scheme

To train the SVM with protein sequence and structural
information, a sliding window scheme is sued [6]. In this
sliding scheme, a window becomes one training pattern for
predicting the structure of the residue at the center of the
window. And in this training pattern, the information about
the local interactions among neighboring residues is
embedded. Fig.1 shows an example of this scheme with
window size of 5. Here, to predict the structure of amino
acid ‘N’, the sequence ‘AKNLK’ goes together as one input
pattern. To predict structure of ‘L’, the next amino acid, the
window slides down to the next group of sequence,
‘KNLKQ’ and so on.

Input Protein sequence.. NATA AKNLKQDATK
SERVA

Output Secondary structure.. HHHHHHHCECCH
HHCCHHH

Input patterni: ..NATAAKNLKODATKSERYV

Input patterni+1: . NATAAKNLKQPATKSER
\Y%
Inputpatterni+2:...NATAAK@TKSER
Y

Sliding window
Fig.1. Sliding window scheme with window length of 5 [6].

B. Orthogonal Input profile

The feature value of each amino acid residue in a window
means the weight (costs) of each residue in a pattern. In this
study all weight assignment schemes are not tested. The test
results from Hua’s method are used to select the best scheme
[5]. In Hu’s study orthogonal method is used as reference for
comparison with different encoding scheme [5]. Among the
different schemes explained in the previous studies, the first
simplest way is to use the orthogonal encoding which
assigns a unique binary vector to each residue, such as (1, 0,
0,...),(0,1,0,...),(0,0, 1 ...) and so on [6]. In this method,
the weights of all the residues in a window are assigned to 1
equally. The method is explained as follows here for
simplicity only single window encoding scheme is
explained. For multiple windows the same technique is
followed for all the elements within the window and target is
the center element of the middle window [6]. Fig.2 shows
the sample training data to which orthogonal encoding
method is applied as an input profile with window size 5. In
this figure, the value of the first column, {-1,+1}, are target
values of each binary classifier. For example, if the binary
classifier is the one which classifies helix or not, and if the
structure of the residue from the training data is helix, (i.e.
the center value has H, G or I corresponding to its position)
the target value becomes +1[6].

ARNDCQEGHILKMFPSTWYV

000000000000000010000 |
: 000000000000000001000 |
| 100000000000000000000
100000000000000000000 |

ZS00>r>»—-1w

Protein Sequence

Fig. 2. An Example of Orthogonal Vector Profile [6].

C. Reshape the Orthogonal Input

The multidimensional orthogonal matrix can be converted
into one dimensional matrix. A binary encoding scheme is
therefore used to assign numerical values to letters. For each
binary vector, there are 21 positions: 20 positions for the
letters of amino acids and 21st for a null input denoted by .
For the window size of 13, the input pattern contains 13
input residues. Each residue will be assigned 1 depending on
its position while the other positions will be assigned 0’s.
However, prediction will only be made for the central
residues. In that way, there will be 21 x 13 input groups for
which 13 of them will have values 1 and the rest is 0. For the
window length of 13 obtained from 2n + 1 for n = 6, the
dimension of the samples is (2n + 1) x 21 =273. We convert
the 21x13 input groups into 1x273 input groups.

D. Learn Input Using SVM

The soft margin classifier is an extension of linear SVM.
The kernel method is a scheme to find the nonlinear
boundaries. The concept of the kernel method is
transformation of the vector space to a higher dimensional
space. For SVM, we use a Gaussian kernel with parameter
fixed at y = 0.1 and varying cost parameters C in the range
[0.1,5]. The mapping function is represented in forms of a
positive definite kernel function, k (x, x "), which is easier to
calculate the inner product in the feature space specified by
following from[1]:

k (x,x7) = (P(x),D(x7)) )
kernel function K(x;,%;) was written as:
K(rpy) =exp (vla; — x| %) (@)

SVM has two parameters: the kernel y and the cost
parameters C.

E. Secondary Structure Assignment

There are various methods that can be used to perform
secondary structure assignment. The assignments of
secondary structure in this study are based on the DSSP
method [7]. It classifies the secondary structures into 8
classes. The 8 secondary structures are reduced to the known
3 structures: a—helices, f—strand and coils residues neither
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helices nor strand. Table 6.3 shows the 8 secondary 12
structural classes defined by DSSP, their standard
abbreviations and the mappings to three structural classes. 1
Rest (—) defines secondary structures which do not belong to
any DSSP defined categories [3]. 08
Table 3: Secondary structure assignment [2]
0.6 =4—0Atrain
DSSP class Abbreviation 3 state classes T,
a— helix H H 0.4
i G
3, phelix i3
p— strand E E
isolated B- ridge B E 9
C01 €03 05 07 (09 1 CsS
JI- helix I C
Fig. 3. Cost parameters vs. accuracy (H/E).
Turn T C
All the results were obtained by averaging 10
Bend S C . .
experiments for each cost parameter in SVM. The results are
Rest - C presented as follows:

In the following Table (Table II) alpha vs no alpha

For Support Vector Machines however, target coding is accuracy are represented:

different: +1 represents target belonging to class 1, i.e. alpha
while —1 denotes targets belonging to class 2, i.e. no alpha.
These sections also gave a discussion of how the inputs and
targets are to be created. The next section outlines
formulation of both NN and SVM and describes how the
results are going to be evaluated [2].

TABLE II: SVM: ALPHA VS NO ALPHA

SVMop C=0.1 C=0.3 C=0.5 C=0.7 C=0.9 C=1 C=5
Experiment t

1 0.7170 | 0.7199 | 0.7911 0.8742 | 0.9261 0.9434 1

OAtrain

0.7397 0.6824 | 0.6895 | 0.7123 0.7197 | 0.7232 | 0.7341 0.7397
OAtest

IV. RESULTS

Six SVM  binary classifier including three The following figure (Fig.4) shows the result of H vs ~H
one-versus-rest classifier (‘one’: positive class, ‘rest’: classifier accuracy where cost parameters are plotted in X
negative class) names H/~H (helix vs no helix), E/~E (beta axis and accuracy are plotted in Y axis:
vs no beta) and C/~C (coil vs no coil) and three
one-versus-one classifier named H/E (helix vs beta), E/C H/~H
(beta vs coil), C/H (coil vs helix) were constructed. The -
results of SVM application in predicting the secondary
structure of proteins based on OAtest are given in Table 1. 1

Table I. SVM: Optimal classifiers for OAtrain and OAtest. -

Quantity OAtrain OAtest ,‘? .
H/ ~H 1 66.25 :,: 0.6 —4—CQ0atrain
E/~E 1 7228 ; ~—Oatest
. 0.4
C/~C 1 62.58
H/E 1 6533 0
E/C 1 68.56
C/H 1 70.85 0
€01 €03 (=05 (=07 €09  C=1 c=5
The fOllOWng ﬁgure (F1g3) shows the result of H vs E Fig 4: Cost parameters vs. accuracy (H/~H).
classifier accuracy where cost perameter are plotted in X .
axis and accuracy are plotted in Y axis. The following table (Table IIT) represents the accuracy
between beta vs no beta :
TABLEIIl: SVM: BETA VS NO BETA.
Experiment SVMop C=0.1 C=0.3 C=0.5 C=0.7 C=0.9 C=1 C=5
t
OAtrain 1 0.7037 0.7165 0.8021 0.8824 0.9329 0.9531 1
OAtest 0.7567 0.6834 0.6870 0.6931 0.7033 0.7326 0.7379 0.7567
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The following figure shows the result of E vs ~E classifier
accuracy where cost parameters are plotted in X axis and
accuracy are plotted in Y axis:

E/~E

12

0.8

——OQatrain

Accuracy
o
(=)

——Oatest

0.4

0.2

C=0.1 C=0.3 C=0.5 C=0.7 C=0.9 (e | C=5

Fig. 5. Cost parameters vs. accuracy (E/~E).

The following table represents a comparison among the
Tsilo’s work[6] and our work in terms of accuracy:

TABLE L. COMPARISON OF OUR APPROACH AND TSILO
APPROACH
Binary Classifiers | Our Accuracy (%) | Tsilo Accuracy (%)
H/~H 66.25 73.74
E/~E 72.28 80.32
C/~C 62.58 68.31
H/E 65.33 71.75
E/C 68.56 72.73
C/H 70.85 75.35

The following figure (Fig.5) shows a graphical
representation of exposing a comparison between the
Tsilo’s work and our work in terms of Accuracy. Although
our accuracy is slightly near or equal of Tsilo’s accuracy,
however our method is simple with better time complexity
which is omitted for page limitation in this paper.

90
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H/~H E/E c/~C H/E E/C C/H

Fig. 5. Comparison between Our Work and Tsilo’s Work

V. CONCLUSION

The main goal of this paper is to propose a simple method
with better time complexity for comparing accuracy based
on SVM. By our method, we predict the protein secondary
structure using support vector machine and also earn the
best accuracy in the result. Although our results show a
slightly less or equal accuracy in comparison to Tsilo’s work
[6], however our method is simple with better time
complexity. The SVM method is a comparatively new
learning system which has mostly been used in pattern
recognition problems. Protein structure prediction is an
important step towards predicting the tertiary structure of
proteins (and Quaternary structure). The reason is that
knowing the tertiary structure of proteins can help to
determine their functions. The main aim of this paper is to
use support Vector Machine (SVM) predicting the
secondary structure of proteins from their amino acid
sequences.
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