
  

  
Abstract—The Support Vector Machine is a powerful 

methodology for solving problems in nonlinear classification, 
function estimation and density estimation. When data are not 
linearly separable, data are mapped to a high dimensional future 
space using a nonlinear function which can be computed through 
a positive definite kernel in the input space. Using a suitable 
kernel function for a particular problem and input data can 
change the prediction results remarkably and improve the 
accuracy. The goal of this work is to find the best kernel 
functions that can be applied to different types of data and 
problems. In this paper, we propose two hybrid kernels 
SVMSM+RBF and SVMEDIT+RBF. SVMSM+RBF is designed by 
combining the best performed RBF kernel with substitution 
matrix (SM) based kernel developed by Vanschoenwinkel and 
Manderick. SVMEDIT+RBF kernel combines the RBF kernel and 
the edit kernel devised by Li and Jiang. We tested these two 
hybrid kernels on one of the widely studied problems in 
bioinformatics which is the protein secondary structure 
prediction problem. For the protein secondary structure 
problem, our results were 91% accuracy on H/E binary classifier.   
 

Index Terms— kernel method, protein secondary structure 
prediction, support vector machine. 
 

I. INTRODUCTION 
ANY methods are proposed for classification 

problems in bioinformatics and support vector machines 
(SVM) is one of them that has attracted a lot of attention 
recently [5][6][7]. SVM is a powerful methodology for 
solving problems in nonlinear classification, function 
estimation and density estimation. When data are not linearly 
separable, data are mapped to a high dimensional future space 
using a nonlinear function, which can be computed through a 
positive definite kernel in the input space. Different kernel 
functions can change the prediction results remarkably. The 
goal of this work is to find the best kernel function that can be 
applied to different types of problems and application 
domains. We propose two hybrid kernels SVMSM+RBF and 
SVMEDIT+RBF. [19]. SVMSM+RBF is designed by combining the 
best performed radial basis function (RBF) kernel with 
substitution matrix (SM) based kernel developed by 
Vanschoenwinkel and Manderick. SVMEDIT+RBF is designed by 
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combining the edit kernel devised by Li and Jiang [14] with 
the RBF kernel. 

II. BACKGROUND 

A. Protein Structure Prediction 
Proteins are linear polymers formed by linking amino acids 

with a peptide bond connecting the carboxylic acid from one 
amino acid with the amino group of the next. The relative 
conformations that the polymer of amino acids or peptide 
chain can adopt are restricted by the physical characteristics of 
the peptide bond and the steric interactions between the atoms 
of the amino acids. Protein structure can be described by a 
hierarchy of terms:  primary structure refers to the amino acid 
sequence; secondary structure to the pattern of peptide 
backbone conformations; tertiary structure to the folding of 
the peptide chain into compact domains; and quartenary 
structure to the association of these domains into higher order 
structures. This paper studies the prediction of secondary 
structure as a first step in the prediction of protein structure 
from amino acid sequence data. 

The prediction of secondary structure has been proposed as 
an intermediate step in the prediction of the full three-
dimensional tertiary structure because the factors that control 
it are thought to be simpler than those that control folding.  
Patterns of secondary structure may also give clues to the 
structural class of a protein from sequence data.    

Recently, there have been many approaches to reveal the 
protein secondary structure from the primary sequence 
information [3][15][16][17][18]. Among those, machine 
learning approaches such as neural networks or support vector 
machines have shown successful results [9][10][11]. In recent 
years, support vector machine became the common machine 
learning tool for structure prediction based on its outstanding 
features such as effective avoidance of over-fitting, the ability 
to handle large feature spaces, information condensing of the 
given data set [4][10].    

B. Support Vector Machines 
SVM is a modern learning system designed by Vapnik and 

his colleagues [20]. Based on statistical learning theory which 
explains the learning process from a statistical point of view, 
the SVM algorithm creates a hyperplane that separates the 
data into two classes with the maximum margin.  Originally it 
was a linear classifier based on the optimal hyperplane 
algorithm. However, by applying the kernel method to 
maximum-margin hyperplane, Vapnik and his colleagues 
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proposed a method to build a non-linear classifier. In 1995, 
Cortes and Vapnik suggested a soft margin classifier which is 
a modified maximum margin classifier that allows for 
misclassified data. If there is no hyperplane that can separate 
the data into two classes, the soft margin classifier selects a 
hyperplane that separates the data as cleanly as possible with 
maximum margin. 

SVM learning is related to recognize the pattern from the 
training data [6]. Namely, we estimate a function f: RN → 
{±1}, based on the training data which have N-dimensional 
pattern xi and class labels yi. By imposing the restriction called 
structural risk minimization (SRM) on this function, it will 
correctly classify the new data (x, y) which has the same 
probability distribution P(x,y) as the training data.  SRM is to 
find the learning machine that yields a good trade-off between 
low empirical risk (mean error over the training data) and 
small capacity (a set of functions that can be implemented by 
the learning machine).   

In the linear soft margin SVM which allows some 
misclassified points, the optimal hyperplane can be found by 
solving the following constrained quadratic optimization 
problem.   
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Where, xi is an input vector, yi = +1 or -1 based on whether 
xi is in positive class or negative class, ‘l’ is the number of 
training data, ‘w’ is a weight vector perpendicular to the 
hyperplane and ‘b’ is a bias which moves the hyperplane 
parallel to itself. Also ‘C’ is a cost factor (penalty for 
misclassified data) and ε is a slack variable for misclassified 
points.  The resulting hyperplane decision function is  
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where, αi is a Lagrange multiplier for each training data.  
The points αi > 0 are lie on the boundary of the hyperplane and 
are called ‘support vectors’. In Eq. (1) and (2), it is observed 
that both the optimization problem and the decision function 
rely on the dot products between each pattern.   

In the non-linear SVM, the algorithm first map the data into 
high-dimensional feature space (F) via kernel function φ(•) : X 
→ F and construct the optimal separating hyperplane there 
using the linear algorithm. According to Mercer’s theorem, 
any symmetric positive definite matrix can be regarded as a 
kernel function.  The positive definite kernel is defined as 
follows [6]: 

Definition 1.  Let X be a nonempty set.  A function k(•, •):  
X x X → R is called a positive definite kernel if k(•, •) is 

symmetric and for all n ∈N, x1,...., xn ∈  X and a1, ..., an ∈  R. 
The traditional positive definite kernel functions are the 

following:                                                    
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Eq. (3) is a polynomial, Eq. (4) is a Gaussian radial basis 

function (RBF), and Eq. (5) is a two-layer sigmoidal neural 
network kernel. Based on one of the above kernel functions, 
the final non-linear decision function has the form 
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The choice of proper kernel is critical to the success of the 
SVM. In the previous protein secondary structure prediction 
studies, a radial basis function worked best [9][10]. Therefore, 
this work combines different distance measures in the 
Gaussian kernel in equation 4.  

III. METHODS 
In our approach, two hybrid kernels are devised by 

combining the best performed RBF kernel with substitution 
matrix (SM) based kernel [19] and with edit kernel [14]. 

A. Hybrid kernel: SVMSM+RBF 
The SM based kernel is developed by Vanschoenwinkel and 

Manderick [19]. The authors introduced a pseudo inner 
product (PI) between amino acid sequences based on the 
Blosum62 substitution matrix values [8]. PI is defined in [19] 
as follows:  

Definition 2. Let M be a 20 × 20 symmetric substitution 
matrix with entries M(ai, aj) = mij where ai, aj are components 
of the 20-tuple A = (A, C, D, E, F, G, H, I, K, L, M, N, P, Q, 
R, S, T, V, W, Y ) = (a1, . . . , a20). Then for two amino acid 
sequences x, x’ ∈  ∑n with x = (ai1 , . . . , ain) and x’ = (aj1 , . . . 
, ajn), with aik , ajk ∈A, i, j ∈{1, . . . , 20} and k = 1, . . . , n,  
their inner product is defined as: 
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Based on the PI above, substitution matrix based distance 
function between amino acid sequences is defined in [19] as 
follows: 

Definition 3. Let x, x’ ∈  ∑n be two amino acid sequences 
with x = (ai1 , . . . , ain) and x’ = (aj1 , . . . , ajn) and let <x | x’> 
be the inner product as defined in (7) [19], then the 
substitution distance dsub between x and x’ is defined as:  
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   In our approach, we combined the SM kernel with the RBF 
kernel. An example and the algorithm of SVMSM+RBF is given 
in Fig. 1, which shows how we used a sequence segment when 
it is used in the hybrid kernel for finding the distances with 
different kernel functions.  



  

 

           
                                    Fig 1. SVMSM+RBF  algorithm 

The data encoding given to the SVMSM+RBF is as shown in 
detail in Fig. 1. The data input for each sequence is the 
position specific scoring matrix (PSSM) [1][2][13] encoding 
of the sequence and the sequence combined together. The 
same data encoding is used for SVMEDIT+RBF. 

B. Hybrid kernel: SVMEDIT+RBF 
The edit kernel is devised by Li and Jiang [14] to predict 

translation initiation sites in Eukaryotic mRNAs with SVM.  It 
is based on string edit distance which contains biological and 
probabilistic information. The edit distance is the minimum 
number of edit operations (insertion, deletion, and 
substitution) that transform one sequence to the other.  These 
edit operations can be considered as a series of evolutionary 
events. In nature, the evolutionary events happen with 
different probabilities. The authors [14] defined the edit kernel 
as follows: 
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where edit distance is the average of the negative log 
probability of mutating x into y and that of mutating y into x.  
The authors modified the 1-PAM matrix to get the asymmetric 
substitution cost matrix (SCM) for the edit kernel above. In 
our approach, we combined the edit kernel with the RBF 
kernel. An example of SVMEDIT+RBF is given in Fig. 2, which 
shows how a sequence segment is used in the hybrid kernel for 
finding the distances.   
 
 
 
 
 
 
 
 
 
 
 

Fig 2. SVMEDIT+RBF  algorithm 

IV. EXPERIMENTAL RESULTS 

A. Hybrid kernels applied to Protein Secondary Structure 
Prediction problem 
  The dataset used in this work includes 126 protein sequences 
obtained from Rost and Sander [18]. The sliding windows 
with eleven successive residues are generated from protein 
sequences. Each window is represented by a vector of 20x11. 
Twenty represents 20 amino acids and eleven represents each 
position of the sliding window. In Table 1, we show the results 
of the binary classifiers of the 6-fold cross validation test for 
the protein secondary structure prediction. SVMfreq are from 
Hua and Sun [10] and the SVMpsi results are obtained by PSI-
BLAST profiles from Kim and Park [11]. SVMRBF is the 
profile which adopts the PSSM by Hu (2004) [9]. As Hu’s 
result show, since PSSM encoding achieves the best results in 
the previous studies, we adopted the PSSM encoding scheme 
for the RBF kernel part of our hybrid kernel approaches.                             

 
TABLE I 

6-FOLD CROSS VALIDATION OF THE BINARY CLASSIFIERS 
RS126 Binary 

Classifier SVMfreq SVMpsi SVMRBF 

H/~H 80.4 87.5 87.4 

E/~E 81.3 86.3 86.8 

C/~C 73.2 77.9 77.5 

H/E 80.9 90.2 91.1 

E/C 76.7 81.9 82.4 

C/H 77.6 85.0 85.1 

 
    In Table 2, 6-fold cross validation results of the binary 
classifiers obtained by using different kernels in SVM are 
shown. The hybrid SVM method SVMSM+RBF proposed in this 
paper shows results that are almost similar as SVMRBF. This is 
because the data encoded for the RBF part in SVMSM+RBF uses 
PSSM encoding which is same as in SVMRBF. These results 
indicate combining SM to the RBF kernel can not improve the 
accuracy of RBF kernel used alone. This means that the 
additional distance information from SM part was not helpful 
to make the final decision. As alternatives, instead of adding 
the distance functions together, we have also tried different 
approaches such as taking the maximum of the two distances 
returned by the two kernels, or giving different weight to each 
distance before sending it to the decision function. However, 
all these methods gave the similar or worse results than those 
obtained by just adding the distance functions together. 
SVMEDIT+RBF could not achieve the results that SVMSM+RBF 
achieved. This suggests that for the protein secondary 
structure problem, SVMSM+RBF is a more suitable kernel. 
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TABLE 2 

COMPARISON RESULTS FOR THE BINARY CLASSIFIERS 
 

 
 
 
 
 
 
 
 
 

 

V. CONCLUSION 
In this paper, we propose two hybrid kernels SVMSM+RBF 

and SVMEDIT+RBF. We tested these two hybrid kernels on one 
of the widely studied problems in bioinformatics, which is the 
protein secondary structure prediction problem. For the 
protein secondary structure problem, our results were 91% 
accuracy on H/E binary classifier. In this case, the information 
in the substitution matrix reinforces the information in the 
RBF on PSSM profiles. However, this is not true with the edit 
distance. These results show us that the data are consistent 
when substitution matrix is used and not consistent when edit 
distance is used. The edit distance kernel gives good results in 
[14], but not when used with our dataset in this work. Our 
results show that it is critically important to use mutually 
consistent data when merging different distance measures in 
support vector machines.  
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RS126 Binary 

Classifier SVMRBF SVMSM SVMEDIT SVMSM+RBF SVMEDIT+RBF 

H/~H 87.4 75.18 68.2 87.4 74.0 

E/~E 88.2 78.44 40.0 86.8 76.7 

C/~C 79.4 69.83 52.5 77.9 64.0 

H/E 91.7 73.32 48.8 91.0 79.2 

E/C 83.6 75.36 41.8 82.5 71.8 

C/H 85.3 73.48 48.9 85.0 71.1 


