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Abstract 

We introduce a novel approach that automatically develops a new optimized 

string kernel using evolutionary approaches. The new evolved kernel is used 

to enhance the prediction performance of Support Vector Machines (SVMs) 

especially in biological sequences, as it is one of the most promising classifiers 

in this field. The proposed approach is based on a hybrid model that com­ 

bines the evolutionary algorithm with a kernel based SVM classifier. This 

model creates the optimized kernel from available string kernels and it opti­ 

mizes the kernels and SVM parameters. 

Two evolutionary approaches are examined, the Genetic Programming 

(GP) and the Genetic Algorithm (GA). In GP each individual represents a 

tree that encodes the mathematical expression of the evolved kernel. The 

evolved kernel could be either a combination of weighted sum of existing 

string kernels, or could be a mathematical expression of kernels. Many ex­ 

periments with varying parameters are made to evolve the best optimized 

string kernel, and to optimize the kernel and SVM parameters. However, 

GA is used to evolve a new string kernel, either by combining some kernels, 

or by making a weighted combination of all string kernels. 

Using two standard benchmark datasets, signal peptide and Major Risto­ 

compatibility Complex(MHC), our evolutionary optimized kernel in combi­ 

nation with SVM outperforms the available string kernels and produces high 
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classification performance. 

The obtained results show that the evolved kernel gives a higher classifi­ 

cation performance than other string kernels, and this can be clearly noticed 

using the evolved kernel with SVM to classify the MHC benchmark, which 

is known as a challenging classification model. 

The evolved kernel outperforms other string kernels by nearly 10% in all 

performance measures, and especially when measuring the Area Under Curve 

(AUC). 
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Chapter 1 

Introduction 

1.1 Problem Statement 

The machine learning techniques are becoming so necessary nowadays to 

solve various problems in classification [48], regression [14] and clustering [3]. 

Kernel-based methods [47] have been successfully applied many fields includ­ 

ing biological problems [4]. Since these techniques are helping researchers to 

transform biology from a qualitative and descriptive science to a quantitative 

and predictive engineering science [47]. In addition, machine learning tech­ 

niques are becoming necessary to biologists due to the huge profits afforded 

by these techniques, especially in decreasing the experiments time and costs. 

Support Vector machine (SVM) is one of the well-known kernel based 

machine learning techniques, and one of the most extensively explored clas­ 

sifiers. One key success of this technique, is that it represents the data by 

means of a kernel function, which defines similarities between pairs of data. It 

takes the relationships that are implicit in the data and make them explicit, 

in order to make the prediction possible. 

The most important design decision in SVM is the selection of the kernel 
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1.1. PROBLEM STATEMENT 

function, that defines the feature space that the data will be mapped into, 

using some mapping function. 

Nowadays kernel methods are witnessing a major paradigm shift. Many 

enhancement and developments are taking place in the kernel selection and 

optimization problem. The problem of selecting the optimal kernel for the 

SVM and selecting its optimal hyperparameters is known as model selection. 

This task is usually done by training the classifier with different functions 

taken from a list of a kernel functions and set of parameters. Intuitively, 

single kernels may not be able to solve complex problems, therefore multiple 

kernels are generally used together to solve them. 

Kernel-based methods prove their efficiency not only in solving numerical 

data problems, but also in solving string classification problems in various 

fields including bioinformatics [4], where string kernels are frequently used. 

While many researches deal with selecting the suitable optimized combi­ 

nation of numerical kernels, and optimizing a single kernel parameters, no 

attempt has been made in tackling optimization problem for the string ker­ 

nels. The aim of this thesis is to develop an new tool that automatically 

designs the optimized string kernel. In the automatic kernel design, the best 

expression of string kernels is constructed, and the optimal hyperparameters 

for each sub-string kernel are found using two types of the evolutionary ap­ 

proaches, namely the Genetic Programming (GP) and the Genetic Algorithm 

(GA),(see section 2.3). 

Evolutionary approaches are a family of stochastic optimization tech- 

niques whose function is based on the principles of natural evolution. GP 

is a variant of evolutionary optimization algorithms and is a special case of 

GA. It uses mechanisms inspired by natural evolution to do a parallel search 

using a population of candidate solutions and provides a powerful and ro- 
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1.2. THESIS OBJECTIVES 

bust means of solving problems. Optimization using numerical methods like 

deterministic gradient-based and simplex-based search method will not serve 

in finding the optimal parameters values since the objective function is ill­ 

defined and difficult to model. So, optimization using the GP and GA will 

fulfill the goal in this work more effectively. 

Our model uses GA to find the optimal expression for string kernels. It 

selects the sub-kernel from a pool of available predefined string kernels. Also 

our model finds the optimal parameters for each sub-kernel, and optimizes the 

SVM regularization parameter. We have evaluated the performance of the 

proposed model on classifying biological sequences, especially in classifying 

secreted and non-secreted proteins based on predicting the presence of the 

signal peptide, and in classifying binding and non-binding MHC peptides. 

1.2 Thesis Objectives 

The key objectives of this study are: 

• Evolve a new string kernel using GP approach or GA approach, by 

finding the optimal combination of predefined string kernels 

• Study the optimization of each sub-kernel parameter(s) and the SVM 

parameters 

• Exploit the effectiveness, simplicity, and robustness of the genetic al­ 

gorithms to perform the optimization successfully. 

• Apply the resulted evolved kernel in addressing two famous biological 

problems: the prediction of signal peptide in secreted proteins, and the 

binding of peptides to MHCII system. 
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1.3. THESIS ORGANIZATION 

• Demonstrate the power of the proposed evolved optimized string kernel, 

and compare it with the available single ones. 

1.3 Thesis Organization 

This thesis is arranged as follows: Chapter 1 introduced the problem defini­ 

tion, and the goals of the work. Chapter 2 describes the theories and basic 

concepts that are needed to understand the rest of the thesis. Chapter 3 ex­ 

ploits our methodology and implementation issues related to SVM, kernels, 

and GP. Chapter 4 demonstrates experiments and results achieved by the 

work, and results analyses. Chapter 5 concludes the work and propose some 

new direction for the future work. 
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Chapter 2 

Background 

This chapter gives a theoretic basis needed for understanding the rest of the 

thesis. The first section explains the kernel methods, kernel characteristics, 

kernel types, kernel matrices, and kernel operations. A description for differ­ 

ent string kernels that is used in our model is also given in first section. The 

sections that follows explain some techniques in the field of machine learning 

that is used in our model like SVM and evolutionary approaches, with em­ 

phasis on GP and GA. A quick overview of the performance measures used 

in the experiments, is also introduced. 

2.1 Kernel Methods 

Linear classifiers in general can not handle classification problems of non 

linearly separable data, so this kind of problems are usually classified us­ 

ing non-linear classifiers. Even of the fact that non-linear classifiers provide 

better accuracy than a linear ones, linear classifiers still have many advan­ 

tages, like the simple training algorithms that scale well with the number of 

examples. 

One way to get benefit of the advantages of linear classifiers, when solving 

5 



2.1. KERNEL METHODS 

non-linear problems, is to map the data into a richer mathematical space 

where the data become linearly separable and then use a linear classifier in 

this space. 

Kernel methods [47] are a class of machine learning techniques that uses 

mathematical kernel functions to implicitly map the data to higher dimen­ 

sional space. The kernel function returns the value of the dot product of two 

arguments projected into the space induced by the kernel function, since the 

dot product is a measure of similarity between arguments [16]. 

Kernel methods produce a kernel matrix by comparing all data instances 

with each other, which is the basis for several learning algorithms that can 

be written in terms of dot products, but the kernel trick [57] [47] makes it 

possible to implicitly calculate the kernel matrix. More details about the 

fundamental properties of kernels is shown in Section 2.1.2. 

Kernel methods map the data into a higher dimensional space to make 

it suitable for processing. It can be then treated by linear algebra, geometry 

and statistic algorithms to mine patterns from data. Any kernel method 

consists of two parts: a module that performs the mapping into the fea­ 

ture space, and a learning algorithm designed to discover linear patterns in 

that high dimensional space. Figure 2.1 illustrates the mapping to higher 

dimensional space. Linear kernel can be viewed as a natural inner product 

between elements of the input vector. Linear kernel corresponds to running 

the original algorithm in the input space itself. 

Many complex kernels can be created from simpler ones in a number 

of different ways. Kernels that correspond to infinite dimensional feature 

spaces can even be constructed at the cost of only a few extra operations in 

the kernel evaluations. 

Kernel methods show their modularity in the reusability of the learning 
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2.1. KERNEL METHODS 

Input space Feature space 

.X 

X y 

X 

X X 

0 

0 

X 

Mapping into a 
richer space 

> 

x ' X e 
% °% 

0 0 0 0 

Figure 2.1: Mapping data items into a higher dimensional feature space [57]. 

algorithm. The same algorithm can be used with any kernel and for any 

data domain. The kernel content is data specific, but can be combined 

with different algorithms to solve the full range of tasks. This brings a very 

natural and elegant approach to learning systems design, where modules are 

combined together to obtain complex learning systems. The data is processed 

using a kernel to create a kernel matrix, which in turn is processed by a data 

mining algorithm to produce a general function that would be used to process 

unseen examples. Kernel functions provide a principled and powerful way of 

detecting nonlinear relations using well-understood linear algorithms. 

2.1.1 Inner Product and Matrix Properties 

Fundamental properties of kernels will be discussed here. Given a kernel 

function and a training set, a matrix can be formed, known as Gram matrix 

which is the matrix containing the evaluation of the kernel function on each 

pairs of data points. Data can be mapped into a high-dimensional feature 

space, where we can then classify the data linearly in that space. Kernels 
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2.1. KERNEL METHODS 

enable this technique to be applied implicitly, since it is possible to evaluate 

the inner product between the images of two inputs in a feature space without 

explicitly computing their coordinates [57]. 
The concept of inner product and the properties of gram matrix is intro- 

duced in the next paragraphs. 

Inner product space and Hilbert space 

A vector space X over the real numbers ~ is an inner product space if there 

exists a real-valued symmetric bilinear map(. , . ) , that satisfies (x , x) > 

o [57]. 
A Hilbert space F is an inner product space with additional properties 

that is separable and complete. [57]. 

Symmetric matrices 

A matrix A is symmetric if A = A, that is the (i,j) entry equals the (j,i) 

entry for all i and j. For symmetric matrices the eigenvectors corresponding 

to distinct eigenvalues are orthogonal [57]. 

Positive semi-definite matrix 

A matrix A is a positive semi-definite if and only if A = B!B for some 

real matrix B. A useful characterization of this matrix that all its principal 

minors are positive semi definite. The determinant det(A) of a square matrix 

A is the product of its eigenvalues. Hence for a positive definite matrix the 

determinant will be strictly positive [57]. 
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2.1. KERNEL METHODS 

2.1.2 Kernels Characteristics 

The kernel function computes the inner product of the samples under an 

embedding © of the two data points 

k(a,z)= (6(c), 6(z)) (2.1) 

where is the mapping function. The kernel function implicitly defines a 

feature space that we do not need to construct explicitly. There is a general 

characteristics that a candidate function possess to be a kernel, so to verify 

that a function is a kernel we can search for these characteristics instead 

of constructing a feature space for which the function corresponds to first 

performing the feature mapping then computing the inner product between 

them. This will provide one of the theoretical tools needed to create new 

kernels, and combine old kernels to create new ones. One of the key feature 

of a kernel function is the positive semi-definiteness [57]. 

Finitely positive semi-definite function 

A function 

k:Xx X»R 

satisfies the finitely positive semi-definite property if it is a symmetric func­ 

tion for which the matrices formed by restriction to any finite subset of the 

space X are positive semi-definite. This property characterizes the kernel 

since the function k which is either continuous or has a finite domain, can be 

decomposed into a feature map o into a Hilbert space F applied to both its 

arguments followed by the evaluation of the inner product in F if and only 

if it satisfies the finitely positive semi-definite property. 

Given a function k, as in Equation 2.1, that satisfies the finitely posi- 
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tive semi-definite property we will refer to the corresponding space F, as its 

Reproducing Kernel Hilbert Space (RKHS), Any kernel can be used to con­ 

struct a Hilbert space in which the reproducing property holds. Then it is 

fairly straightforward to see that if a symmetric function k(.,.) satisfies the 

reproducing property in a Hilbert space F of functions 

(k(x, .), f(.)) p = f(.) , for f E F (2.2) 

then k satisfies the finitely positive semi-definite property [57]. Since 

the validity of kernel is already achieved with the RKHS construction, then 

Mercers theorem ( that is usually used to construct a feature space for a valid 

kernel) is not actually needed in kernel construction [57]. 

Kernel Trick 

Kernel trick denotes for the process of calculating the dot product in a feature 

space (¢(x), ¢(z)) without the need of performing the the mapping ¢(x). 

Instead, it is sufficient to calculate this product directly in the input space 

by computing the squared dot product between the samples (x, z)
2 

[61]. 

So, the kernel function implicitly defines a feature space that we do not 

need to construct explicitly. The following example illustrates the idea of the 

kernel trick: 

Let r € R? i.e., x = [na»], and if we choose ©(a) = [a? V2ya» zf] i.e., 

there is an JR2 to JR3 mapping, then the dot product 

(o(e),62)) = b#? as, a?]"? @a,z fl 
=[a}? + 2n,a2n2» + a}i] 

=(a,z) 

10 
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So K(a,z) = (a,z)° = (OT(c),6(2)) 
Interestingly, there are also other mappings accomplish the same task as 

(a, z) such as R?» R® mapping given by ©(c) = [z}-3 2m,ca z} + cf] or 

R?» R mapping given by ©(z) = [] yo co a;] 

2.1.3 Kernel Matrix 

Kernel matrix can be thought as information bottleneck, it is the core in­ 

gredient in the theory of kernel methods. It contains all the information 

available in order to perform the learning step, with the sole exception of the 

output labels in the case of supervised learning. The kernel or Gram matrix 

K =(Ky).,,s with entries K., = k(a,,a,), for i.j=l, ... ,, given a 

training set 8= {xl, ... , xe}. 

The kernel is a container that has all the information needed to the learn­ 

ing machine as it gives a knowledge about the relative positions of the inputs 

in the feature space. It defines the similarity measure between two data 

points, it gives a priori probability of the inputs being in the same class 

minus the priori probability of their being in other class. 

It is known that only through the kernel matrix, the learning algorithm 

obtains information about the choice of feature space or model, and indeed 

the training data itself. Through the kernel matrix the learning algorithm 

receives information about the feature space and input data, so it plays 

a central role both in the derivation of generalization bounds and in their 

evaluation in practical applications. 

The kernel matrix is not only the central concept in the design and anal- 

ysis of kernel machines, it can also the central data structure in their imple­ 

mentation. The kernel matrix acts as an interface between the data input 

module and the learning algorithms, its properties affect every part of learn- 

11 
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ing system from computation,generalization analysis to the implementation. 

One issue regarding implementation is the memory constrains, that it is 

may not possible to store the full matrix in memory for very large dataset, so 

in this case it is necessary to recompute the kernel function as needed. This 

need to considered in the implementation details. 

The same properties of a kernel function is kept for all kinds of inputs, 

real vectors, strings, discrete structures, images, time series, etc. So the 

kernel matrix corresponding to any finite training set, that is positive semi­ 

definite, it computes the inner product after projecting pairs of input into 

some feature space. Figure 2.2 shows the embedding that the objects are 

mapped into feature vector by a mapping function © [57] [61]. 

/,C) -·· . <I>...... ..'X X 

v O 
v O 0··········--- 
0 \} (f)·--- ·----- 

.. ··-··-.J} 

X 
X X 

0 0 

0 0 

Figure 2.2: A mapping function used to map data items 

2.1.4 Kernel Selection and Construction 

Selecting a kernel is ideally done based on a prior knowledge of the problem 

domain and restrict the learning to the task of selecting the particular pattern 

function in the feature space defined by the chosen kernel. Unfortunately, 

it is not always possible to make the right choice of kernel a priori, however 

one should choose a family of kernels defined in a way that both reflects the 
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researcher prior expectations and leaves open the choice of the particular 

kernel that will be used. 

In fact there is a wide range of valid kernels: some are given in closed 

form; others can only be computed by means of a recursion or other algo­ 

rithm; in some cases the actual feature mapping corresponding to a given 

kernel function is not known. Selecting the best kernel function from among 

large range of possibilities becomes the most critical stage in kernel-based 

algorithms. 

One of the benefits that can be obtained from the characterization of ker­ 

nel function and kernel matrices that mentioned above, is to decide whether 

a given candidate is a valid kernel, also this can be used to justify a series of 

rules for combining simple kernels to produce more complex ones. 

There are some operations on kernels that preserves the finitely posi­ 

tive semi-definiteness property. There is operation on kernel functions and 

operations on kernel matrix [57]. 

Operations on kernel functions 

Kernels satisfy a number of closure properties that enable constructing more 

complicated kernels from simple building blocks, these properties can be 

viewed in the following proposition [57]. 

Proposition 1 ( Closure properties) Let kl and k2 be kernels over X x 

X,XeR",a €R±,f(.) a real-valued function on X,© : X» R' with ks 
a kernel over R' R', and B a symmetric positive semi-definite n x n 

matrix. Then the following functions are kernels: 

1. Summation of two kernel: 

(2.3) 
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2. Multiplying a kernel by constant: 

k(r,z) = ak,(s, z) (2.4) 

3. Product of two kernels: 

k(a, z) = k(z,z)ka(a,z) 

4. Multiply a function of c by a function of z: 

k(c, z) = f(x)f(z) 

5. Calculating a kernel for the mapped 1,z: 

k(a, z) = ks(©(a), (2)) 

(2.5) 

(2.6) 

(2.T) 

6. Product of xT by z with any positive semidefinite matrix: 

(2.8) 

and let p(x) is polynomial with positive coefficients. Then the following func­ 

tions are also kernels: 

1. Product of the kernel and polynomial 

k(a, z)= p(k(c, z)) (2.9) 
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2. Eaponential of the kernel 

k(r, z) = exp(k;(a, z) 

3. Gaussian kernel: 

k(x, z) = exp ( !Ix - zll
2
) 20? 

(2.10) 

(2.11) 

Operation on kernel matrices 

There are many operations on kernel matrices that preserve symmetry and 

positive semi-definiteness property. Simple transformation such as adding 

a constant to all entries of the matrix, another simple operation is adding 

constant to the diagonal. 

Another operation that can be performed is centering the data in the fea­ 

ture space, by minimizing the trace of the kernel matrix or equally minimize 

the sum of its eigenvalues. Subspace projection, whitening and sculpting the 

feature space are other operations that can be performed on kernel matri­ 

ces [57]. 

2.1.5 Numerical Kernels 

Kernel functions can be designed for vectorial inputs, objects and structures 

as strings, graphs, text documents. here, a description of numerical kernels 

is introduced. 
The input for these kernels are a numerical vectors, we introduces two 

famous examples of numerical kernels: polynomial and Gaussian kernels. 
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The derived polynomial kernel for a kernel k, is defined as 

k(a,z) = pk(c,)) (2.12) 

where p(.) is any polynomial with positive coefficients. Frequently, it also 

refers to the special case: 

ka(a, z)= ((@, z) + B)® (2.13) 

defined over a vector space X of dimension n, where B and d are scalar 

: dimension of the feature space for the polynomial kernel is 

One of the most widely used used kernels is the Gaussian kernel, it defined 

by w»-a»f,,)-0 
The parameter CJ controls the flexibility of the kernel as the degreed in the 

(2.14) 

polynomial kernel. Small values of CJ correspond to large values of d because 

they allow classifiers to fit any labels, hence risking overfitting. In such cases 

the kernel matrix becomes close to the identity matrix. On the other hand, 

large values of CJ gradually reduce the kernel to a constant function, making 

it impossible to learn any non-trivial classifier. 

String Kernels 

The inputs for these kernels are free text and symbol strings of varying 

lengths, such as bioinformatics data, that is used to represent proteins as se­ 

quences of 20 amino acids(D ,E,H,K,R,N,Q,S, T,Y,A,L,P ,M,G, V, I ,F, W, C), 

genomic DNA as sequences of 4 different nucleotides (A, T, C, G). String ker­ 
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nels enables the kernel methods in general to operate in a domain that tra­ 

ditionally has belonged to syntactical pattern recognition, and it provides 

a bridge between that field and statistical pattern analysis. String kernels 

embed a two sequences in a high-dimensional space such that their relative 

distance in that space reflects their similarity and the inner product between 

their images can be computed efficiently [57]. It is important to know the 

similarity notion that should be reflected in the embedding, or the signifi­ 

cant features of the sequences that should be taken in consideration in this 

embedding. 

A meaningful similarity notion in biological applications is counting sub­ 

strings or subsequences that the two strings have in common. since it results 

give a good indication about the functional similarity that the bioinformat­ 

ics researchers would like to capture. An example of a simple string kernel 

that uses the natural for comparing two strings, that is to count how many 

contiguous substrings of length p they have in common. This kernel is called 

"Spectrum Kernel" [26]. A brief description of this kernel and other string 

kernels will be introduced in the following subsections. 

Spectrum Kernel 

The spectrum of order p ( or p-spectrum) of a sequence s is defines as the 

histogram of frequencies of all its contiguous substrings of length p [26]. 

An important information about the similarity between sequences can be 

obtained from comparing the p-spectra of them in applications where con­ 

tiguity plays an important role, then the kernel can be defines as the inner 

product of their p-spectra [57] [26]. The feature space F associated with the 
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p-spectrum kernel is indexed by I = I: p, with the embedding given by 

The associated kernel is defined as 

,(6,) = (@(s),o@) = }] 6) 
ueY» 

(2.15) 

(2.16) 

Weighted spectrum kernel is a spectrum kernel for 1 to p- mers, where 

each p- mer length is weighted by some coefficient B, [51]. This kernel is 

given by: 
p 

(s,) = 2] #,0,606(0 
p=l 

(2.17) 

An example of this kernel: p-spectrum kernel: p=3, can be shown in table 

2.1 and table 2.2 

Table 2.1: Two protein sequences used in the example of spectrum kernel 
seq-name seq 

s AAACAAATAAGTAACTAATCTTTTAGGAAGAACGTTTCAACCATTTTGAG 
t TACCTAATTATGAAATTAAATTTCAGTGTGCTGATGGAAACGGAGAAGTC 

Table 2.2: The number of occurrences of the 3-mers in the two sequences in 
the spectrum kernel example : in this table each 3-mers is listed, and then 
the number of its occurrences in each sequence is counted 

3-mer AAA AAC ... CCA CCC ... TTT 
No ins 2 4 1 0 5 
No int 3 1 0 0 1 

k(s,t) =<[24 : .. 1 0 ... 3], [3 1 ... 0 0 ..1]> 
=2x3+4x1+...41x040x0+...43x 1 
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Fixed-Degree Kernel 

This kernel can be seen as special case of spectrum kernel, while it considers 

substrings that have a given fixed length p [57]. Its feature space is indexed 

by E p, with the embedding given by 

o(s) =IM@:u= s(i)Lu e YE» 

Then the fixed degree string kernel is given by: 

k,(s.) = @s),6@)= } so0) 
ue27 

s ACAGATAAGTAACCCTTTGCCTGCGTA 
t TGAGATAATIATICTGGTGCCAAACTG 

(2.18) 

(2.19) 

An example on the Fixed degree kernel: d=3, can be shown in table 2.3 and 

table 2.4. 

Table 2.3: Two protein sequences used in the example of Fixed degree kernel 
seq-name seq 

Table 2.4: The number of matches of the 3-mers in the two sequences, is 
listed for the fixed degree kernel example: in this table each 3-mers is listed, 
and then the number of matches in the two sequences is counted 

3-mer ACA CAG ... TGC GCC .. GTA 
Match O O O 1 0 

k(s,t) = 0 + 0 + ... + 0 + 1 + ... + 0 

Polynomial String Kernel 

This kernel computes a variant of the polynomial kernel on strings [51]. It is 

computed as 
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Fixed-Degree Kernel 

This kernel can be seen as special case of spectrum kernel, while it considers 

substrings that have a given fixed length p [57]. Its feature space is indexed 

by L p, with the embedding given by 
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Then the fixed degree string kernel is given by: 

k,(s.t) = ((s),(@) = } so) 
ue>» 
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(2.18) 

(2.19) 

An example on the Fixed degree kernel: d=3, can be shown in table 2.3 and 
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Table 2.3: Two protein sequences used in the example of Fixed degree kernel 
seq-name seq 

Table 2.4: The number of matches of the 3-mers in the two sequences, is 
listed for the fixed degree kernel example: in this table each 3-mers is listed, 
and then the number of matches in the two sequences is counted 

3-mer ACA CAG ... TGC GCC ... GTA 
Match O O O 1 0 

k(s, t) = 0 + 0 + ... + 0 + 1 + ... + 0 

Polynomial String Kernel 

This kernel computes a variant of the polynomial kernel on strings [51]. It is 

computed as 
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L 

Ms,) =(]16,=4)+ c) 
i==0 

(2.20) 

where I is the indicator function which evaluates to 1 if its argument is 

true and to O otherwise [51]. 

Since polynomial kernel is originally defined on real-valued inputs, it can­ 

not directly be applied to discrete data, like DNA and Protein. So a common 

technique that is used to map the alphabets into a binary representation. The 

following is an example on DNA sequence: let s € {A, C, G,T}" then it is 

represented as 

s' = (I(s, =A),T(s, = C),1(s1 = G),T(s, = T), 

I(s» = A),1(s» = C),I(s» = G),T(s» = T), ..·, 

I(sy =A),T(sy = C),1(sy = G),I(sy = T)) 

This kernel takes all correlations of matches I(si = ti) up to order d 
into account. The features used for learning are position-dependent. They 

carry local and global information about the sequence, as, for instance, any 

position is combined with any other position to form a feature in the kernel 

feature space generated by raising the scalar product to the power of d [43]. 

An example on this kernel: Polynomial kernel: d=4, c=5, can be shown in 

table 2.5 and table 2.6. 

Table 2.5: Two protein sequences used in the example of Polynomial kernel 
seq-name seq 

s ACAGATA AGTAACCCTTTGCCTGCGTA 
t TGAGATAATTATTCTGGTGCCAAACTG 
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L 

(s.) =(]16,=)+ c) 
i==0 

(2.20) 

where I is the indicator function which evaluates to 1 if its argument is 

true and to O otherwise [51]. 

Since polynomial kernel is originally defined on real-valued inputs, it can­ 

not directly be applied to discrete data, like DNA and Protein. So a common 

technique that is used to map the alphabets into a binary representation. The 

following is an example on DNA sequence: let s € {A, C, G,T}" then it is 

represented as 

s' = (I(s, =A),T(s, = C),1(s1 = G),T(s, = T), 

I(s» =A),T(s» = C),I(s» = G),T(s» = T), ..., 

I(sy = A),T(sy = C),1(sy = G),I(sy = T)) 

This kernel takes all correlations of matches I(s, = ti) up to order d 

into account. The features used for learning are position-dependent. They 

carry local and global information about the sequence, as, for instance, any 

position is combined with any other position to form a feature in the kernel 

feature space generated by raising the scalar product to the power of d [43]. 

An example on this kernel: Polynomial kernel: d=4, c=5, can be shown in 

table 2.5 and table 2.6. 

Table 2.5: Two protein sequences used in the example of Polynomial kernel 
seq-name seq 

s ACAGATA AGTAACCCTTTGCCTGCGTA 
t TGAGATAATTATTCTGGTGCCAAACTG 
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Table 2.6: An indication of the match for each amino acid in the two se­ 
quences for the polynomial kernel example: in this table each amino acid in 
the sequence is listed, and then the match=l when the two corresponding 
ammo acids are the same, and match=0 in the opposite case. 

A C A G A ... A 
Match O O 1 1 1 . .. O 

k(s, t) = ((0+ 0 + 1 + 1 + 1... + 0) + 5)4 

Locality Improved Kernel 

The locality-improved kernel uses a small sliding window to scan the input 

sequence and counts matching nucleotides in every window [65]. All these 

counts are raised to the power of d, (see equation 2.21)and then are added up. 

At last, the sum is taken to the power of do(see equation 2.21). Here, d; and do 

are user-specified parameters [29]. In this kernel, at each sequence position, a 

comparison of the two sequences is performed locally, within a small window 

( win) of length 2+ 1 around that position. Again, the matching nucleotides is 

counted, this time multiplied with weights w increasing from the boundaries 

to the center of the window. The resulting weighted counts are taken to the 

power d\®. d, reflects the order of local correlations within the window is 

expected to be of importance. 

(2.21) 

Here, match,,,(s, t) is 1 for matching nucleotides at position p+j and O 

otherwise. The window scores computed with win, are summed over the 

whole length of the sequence. Correlations between up to do windows are 
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Table 2.6: An indication of the match for each mi» 9wet of dg. 
quences for the polynomial kernel example: iJJ [,j,,, I 1,1 
the sequence is listed, and then the match I j1, ;, 11 

amino acids are the same, and match=O in {.lie hi1, ,1 (2.22) 

A C A G / 
Match O 0 1 ( 

.... , . 1 , ac:h window score is a ker­ 

> degree d,. The monomials are 

k(s,t) = ((04 04 11 3#4tion of correlations of sequence 
rw monomials. Thus, distant correla- 

Locality Improved Kernel s d2 > 1. Intuitively, it is clear that this 

Th 1 al
·t • d 

1 1 
since it corresponds to the application of 

e toc% 1ty-improve rernet uses a i 

d t 1 
. ~ c.cgree d2 to an intermediate space that is 

sequence an coun ·s mate uug 1111< 11, 1 

t 
. d t 

1 
·1•ightrd polynomial map with degree d1 on the 

counts are raise o the power old) ( 

A 1 h 
. k 1, of the Locality Improved kernel: win-length=3, 

t ast, t e sum is ta en to the p 
in table 2.7 and table 2.8. 

are user-specified parameters l 

comparison of the t,;.·r:; ':'f;:;-2(iuenc:es used in the example of Locality improved 

(win) of length 2+-1{44umc seq 
--------------- AC AGATA AG TA AC CC T TT G CC T G CG TA 

TGAGATAATTATTCTGGTGCCAAACTG counted, this time 
.s 
t 

to the cPntc 1 

power d". . . . . . 
· · ''1c number of matches of different length mers in different wm- 

ex )8: ,. 1• G:ic locality improved kernel: In this table, from window-1 to 
V is viewed, then the matches in l-mers, 2-mers, 3-mers, is counted 
e two sequences. winy win wing wing win4 

matchl 0 0 1 1 0 

match2 0 1 1 1 1 

match3 1 1 1 1 0 
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taken into account by raising the resulting sum to the power of d). 

( 

N )d2 o=,[2Emo. 
This kernel is similar to the polynomial kernel, each window score is a ker­ 

nel that induces a set of monomial features of degree d,. The monomials are 

weighted in order to strengthen the representation of correlations of sequence 

positions that are close do intra-window monomials. Thus, distant correla­ 

tions are taken into account by values d, > 1. Intuitively, it is clear that this 

function is a valid kernel function, since it corresponds to the application of 

a weighted polynomial map with degree d2 to an intermediate space that is 

defined as feature space of a weighted polynomial map with degree d1 on the 

input space. [65] An example of the Locality Improved kernel: win-length=3, 

d1=2, d=3, can be shown in table 2.7 and table 2.8. 

Table 2.7: Two protein sequences used in the example of Locality improved 
kernel 

seq-name seq 
s ACAGATAAGTAACCCTTTGCCTGCGTA 
t TGAGATAATTATTCTGGTGCCAAACTG 

Table 2.8: The number of matches of different length mers in different win­ 
dowing, in the locality improved kernel: In this table, from window-l to 
window-N is viewed, then the matches in 1-mers, 2-mers, 3-mers, is counted 
among the two sequences. 

win wino wing win4 winy 

matchl 0 0 1 1 0 

match2 0 1 1 1 1 

match3 1 1 1 1 0 

(2.22) 
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win == (0 x w, +0x w»+1x ws) 
win»=(0X wr+1x w9+lx ws) 

winy ==(0x w;+1x wg+1 x ws) 

k(s,t) = (win1 + wino + ... + winN )3 

Local Alignment Kernel 

Local alignments provides a powerful technique for detecting similarity be­ 

tween sequences, using the optimal local alignment via the Smith-Waterman 

algorithm [50] and it's efficient PSI-BLAST approximations [2]. So Lo­ 

cal Alignment Kernel comprises several sub-kernels based on the Smith­ 

Waterman algorithm [59]. On a protein homology detection problem, this 

approach was found to significantly outperform scores based solely on opti­ 

mal alignments [44]. Local Alignment Kernels are convolution kernels [17] 

consisting of a number of simple sub-kernels: 

y 
s=s1...s,,t=bj...tp 

Where the components kl...kp consists of three different kernels [45]: 

(2.23) 

• A constant kernel kconst 

• a kernel for measuring the difference between aligned letters katign 

• a kernel for penalizing gaps k9ap 

kconst(s, t) = l 

{ 

0, if Isl I- lor ltl I- 1 
k · st = align ( ' ) ef3*S(s,t)otherwise 

(2.24) 

k (
s t) = ef3(g(lsl)+g(ltl)) 

gap ' 
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where s and t are the amino acid sequences, S(s, t) the Smith-Waterman 

score, g(.) the gap penalty function, and /3 a scaling parameter to adjust 

importance of gaps and sub-optimal alignments. The Smith-Waterman score 

SWs,g(7r) is calculated as: 

[] [r]-1 
Ssa&) = S(s,6)%46))­ 

i=l i=l (2.25) 
[g(mi(i+ 1)- mi(i)) +g(mo(i+1)-ma(i+1)-mo())] 

Where m is the alignment between two sequences sand t, S(.) denotes for 

the substitution matrix and g(.) a gap penalty function. The component sub­ 

kernels are combined by convolution to represent a kernel for an alignment of 

length n. The Local Alignment score is the sum over all possible alignments 

in the sequence: 

k (s t) - k · (k 1· · k )<n-i) · k 1· · k t ( n) ·const aign 'gap aign ·cons 

N 
ka(s,t) = 2 k(s,t) 

i=O 

where N is the number of all possible alignments [45]. An example on the 

local alignment kernel can be shown in table 2.9. 

Table 2.9: Two protein sequences used in the example of Local Alignment 
kernel: the two sequences are aligned, then the matches and difference is 
shown. seq-name seq 

s 

t 

ACAGATAA----ATTC 
I ... 111 I .... 1111 
A---AGAAATTGATTC 

Ss,(m) = S(A,A) + S(A,A)+ S(T,G)+ 3 x S(A,A)+ 

2 x S(T, T) + S(C, C) - g(3) - g(4) 

k( t) (Ss g(7r1)) + + exp((Ss,g(11"N)) s, = exp • ··· 

(2.26) 

24 



2.1. KERNEL METHODS 

Weighted Degree Position Kernel 

This kernel counts the matches between two sequences s and t between the 

words u,,s(s) and u,,(t) where 

The parameter w denotes the order (length of the word) to be compared [43]. 

The weighted degree kernel is defined as 

d N-d 

Me.) =2o 2/ts) =«a.(@) 
w==l i=l 

where the weighting was chosen to be w = d- w+ l, this means, 

higher-order matches get lower weights. This kernel emphasizes position­ 

dependent information and decreases the influence of higher-order matches. 

It is similar to the spectrum kernel, however this kernel uses position-specific 

information [43]. 
An example on a weighted degree kernel d = 3, can be shown in table 2.10. 

Table 2.10: Two protein sequences are used in weighted degree kernel, then 
the number of matches in l-mers, 2-mers, 3-mers are counted respectively. 

seq-name 

(2.27) 

seq 

s 
lmers 
2mers 
3mers 
t 

AAACAAATAAGTAACTAATCTTTTAGGAAGAACG 
16 match 
6 match 
2 match 

TACCTAATTATGAAATTAAATTTCAGTGTGCTGA 

And the following example in table 2.11, describes the weighted degree 

position kernel: 
k(s, t) = Ws,+Ws,4+ Wea 
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Table 2.11: Two protein sequences are used in weighted degree position 
kernel. 

seq-name seq 
s 
t 

AAACAAATACAGTAACTAATCTTTAGTAGCAGCGAAGAAC 
TACAAACAAATCTAATGTTTAGCTCCCAATAGCAGCGCGA 

Mismatch Kernel 

Mismatch kernel [28] allows some degree of mismatching in the feature map, 

this allowance introduce a more sensitive and biologically realistic kernel. 

That is, the kernel value between two sequences sand tis large if they share 

many similar but not identical k-mers. For a fixed k-mer = a1,@2,...,0j 

with each a; a character in A, the (k, m)-pattern generated by a is the 

set of all k-length sequences S from A that differ from a by at most m 

mismatches. This set is denoted by N(k,m)(a), the 'mismatch neighborhood' 

around a. Also when we see an instance of a k-mer in the input sequence 

s, it contributes not only to the a-coordinate in feature space but also to 

all coordinates corresponding to k-mers in the mismatch neighborhood of a. 

We can now define our feature map into the l-dimensional feature space, 

indexed as before by the set of all possible k-mers. If a is a fixed k-mer, then 

pk, m) on a is: 
(2.28) 

where %(o) = 1if B belongs to N,(a) and otherwise 5(a) = 0 And the 
feature map on an input sequence s in y is defined as the sum of the feature 

vectors for the k- mer s in s: 

do,,y (s) = ,) (a) (2.29) 
k--mers in s 
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2.1. KERNEL METHODS 

Table 2.11: Two protein qiucic ## 
kernel. 

,, 

seq-name 
s 
t 

It 

l\[\f\(;{\{\{\'l'J\ll/l'III Ji I/ J /i 
TflC/\/IAl!/111/1/I II/ /I/ Iii' 1 

----- 

Mismatch Kernel 

Mismatch kernel [ 28] allows no 11 w ,1, .; '.I , _, I 
I,/ • f 

I I I 
I I 

• I I I / 

J l • , . 

or , max-mismatch=1: 

this allowance introduce a JJHHP u n•,rl ive ad 

That is, the kernel value between two s r111, 1 , , 
sed :n Hismatch kernel example. 

many similar but not identical l-mers Tr " 
with each a, a character in A,\:pf!®{AA\CTAATCGTTT v• t.'l. 1 CATTATGAAAGTATTT 

set of all k-length sequences ? Tom T ] 

mismatches. This set is d<'nnt r1d 1 
\ \ 

ih maximum one mismatch are listed, then if this 
around a. Also \-·1v,· · , - , . +'S FE#ksSWr® it is marked as 1 otherwise it is marked as 0 

s, it contrihui tr:-:-:,. l :AGCf,.cc)- J\CA . .. TAA (TCA) AAT (AAG) 
ons 1 0 1 1 

all coordinates, sis T 1 1 

We can 1 

indexc 

TIT 
1 
1 

k(s, t) =< [1 0 ... 11 ... 1], [1 0 ... 11 ... 1] > 

=lxl+0x0+ ... +lxl+lxl+ ...41 x 1 

TOP Kernel 

ft is derived from the Tangent Vectors of Posterior log-odds (TOP) and 

especially designed for classification, it is similar to the well-known Fisher 

Kernel (Jaakkola and Hassler, 1999) [21], the main idea of the TOP kernel is 

to incorporate prior knowledge via a given probabilistic model. It is defined 

as: 
k(s, t) = (fo(s), fo(t))) (2.31) 
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Here the (k,0) is the spectrum kernel feature map. The kg,y mismatch 

kernel 

we note that k,)(@,y) will be large if the sequences s and t share many 

k-length subsequences differing by at most m mismatches [27] [28]. 

The following example describes the Mismatch kernel, mer=3, max-mismatch=l: 

Table 2.12: Two protein sequences are used in Mismatch kernel example. 
seq-name seq 

s AACAAATAAGTAACTAATCGTTT 
t AGCCTATCATTATGAAAGTATTT 

Table 2.13: The 3-mers with maximum one mismatch are listed, then if this 
mers is exist in the sequence, it is marked as 1 otherwise it is marked as 0 

3-mer ACC(AGC) ACA ... TAA(TCA) AAT(AAG) ... TIT 
No ins 1 0 1 1 1 
No int 1 1 1 1 1 

k(s, t) =<[10 ... 11 ... 1], [1 0 ... 11 ..1]> 

=1x140x0+...+1x1+1x1+...41x 1 

(2.30) 

TOP Kernel 

It is derived from the Tangent Vectors of Posterior log-odds (TOP) and 

especially designed for classification, it is similar to the well-known Fisher 

Kernel (Jaakkola and Hassler, 1999) [21], the main idea of the TOP kernel is 

t 
· t · knowledge via a given probabilistic model. It is defined o mcorpora e pnor 

as: 
k(s, t) = (fos), fo())) (2.31) 
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where 

fo(s) := (v(s,0),0v(s,0),...,0,,v(s, 0)) 

and 

v(s,0) = log (P(y = +11s, 0)) - log(P(y = -11s, 0)) (2.33) 

while 

O,vs,0) = I(si = j)/0,, 

and hence the kernel is computed as: 

k(s,t) = v(s,0)vt,0) 

(2.32) 

(2.34) 

(2.35) 

Salzberg Kernel 

In 1997, Salzberg developed positional conditional probability matrix that 

takes into account the dependency between adjacent bases [46], however 

Zien et al. introduces a modification for Salzberg method that brings the 

"Salzberg kernel", So instead of calculating the product of the conditional 

probabilities over the whole sequence, calculate the log odds of the condi­ 

tional probabilities for each position separately. Salzberg kernel is similar to 

the locality-improved kernel. while it is applied on the sequences of log odds 

scores s,(z), which is defined as: 

P(a, at pos. p in Truedata\z, at pos. p- 1 in Truedata) 
s,()=l08' p(±,at pos. p in Alldata\z,± at pos. p- 1 in Alldata) 

r (2.36) 

Where, p is the estimated probabilities derived from training set counts 

1 d ts X l
·s the amino acid incident at position p in the sequence 

p us pseu o coun , p 

d
. t d ta point x Truedata is the set of training sequences 

correspon mg o a , 
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2.2. SUPPORT VECTOR MACHINE (SVM) 

belongs to positive samples and Alld t · 3 lata is the set of all training sequences 

(both positive or negative). So here a new input space is defined as each 

data point is represented by a sequence of log dd ,(::) lati o scores s,\t retaung, 

individually for each position, two probabilities: first, how likely the observed 

amino acid at that position derives from the positive data and second, how 

likely that amino acid occurs at the given position relative to all set of training 

sequences [65]. 

2.2 Support Vector Machine (SVM) 

SVM is a supervised learning technique that generates input-output mapping 

relations from a set of labeled training data. It is an example of a linear 

classifiers that is the only one that maximizes the margin (maximizes the 

distance between it and the nearest data point of each class). This linear 

classifier is termed the optimal separating hyperplane that generalize well as 

opposed to the other possible classifiers. 

SVM can be either applied to classification problems or regression prob- 

lems [14].In classification, nonlinear kernel functions are often used to trans­ 

form data to a high dimensional feature space, in which the input data be­ 

come more separable, compared to the original input space. Intuitively, SVM 

with a maximum margin is then created. SVM is based on structural risk 

minimization principle from statistical learning theory [4,14] 

The data for a two-class learning problem consists of objects labeled with 

one of two labels; for convenience we assume the labels are + 1 (positive 

1 ) d 1 ( tl·ve examples) Then the classification steps of these 
examp es an- nega ' 

· 1 · them using kernel function, onto high dimensional 
two sets mvo ve mapping 
space. Then finding the optimal hyperplane that differentiate the two classes 
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with maximal margin. 

Let x be a point in an M-dim 5 ensional vector space, it denotes a vector 
with M components z.. j = 1. M j» 3-% . The notation z, will denote the i 
vector in a dataset {(z,.y,)}} mhe · i» hi, i=is where y; is the label associated with a;, and 

n is the number of examples Th b · · e ol:jects z, are called patterns, inputs, and 

also examples. In general linear classifier can be defined as the dot product 

between two vectors: 
M 

(o,) =or 
j=1 

A linear classifier is based on a linear discriminant function of the form 

(2.37) 

f(x) = (w,x) + b (2.38) 

The function f (x) assigns scores for a point x, then classifies the point 

according to this score, the vector w is the weight vector, and the scalar b 

is the bias that translates the hyperplane with respect to the origin. The 

points satisfying the equation (w, x) = 0 correspond to a line through the 
origin in the two dimension , and a hyperplane in three dimension. 

The hyperplane divides the space into two half spaces according to the 

sign of f (a), that indicates on which side of the hyperplane a point is located, 
if f(c) > 0, then one decides for the positive class, otherwise for the negative. 

The boundary between regions classified as positive and negative is called the 

decision boundary of the classifier. 
In case of the linear separable data, there exists many of the hyperplanes 

that correctly classifies these data points, however we should choose the hy­ 

perplane that grantee classifying the unseen examples correctly. The optimal 

hyperplane classifier not only separates the examples correctly, but does so 

with a large margin, as suggested by the statistical learning theory [58]. Fig­ 
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2.2. SUPPORT VECTOR MACHINE (SVM) 

ure 2.3 illustrates the maximum margin classifier (SVM). 

H 

0 

Figure 2.3: The maximum margin boundary generated by a linear SVM. 

The margin of a linear classifier is defined as the distance of the closest 

example to the decision boundary margin is rj • where [[w]] is the length of 

w, also known as its norm, given by {/(w,w). 
The classifier that is called hard margin SVM, applicable to linearly sep­ 

arable data, is the classifier with maximum margin that correctly classify 

all the input examples. To find the optimal w and b corresponding to the 

maximum margin hyperplane, one has to solve the following optimization 

problem: 
minimize J [[uw\, 

w,b 

subject to:y;(<w,a, > +b) > 1, 

Vi=1,...,n 

(2.39) 

Minimizing llwll2 is equivalent to maximizing the margin, where the con­ 

straints ensure that each example is correctly classified. This type of prob­ 

lems called a quadratic optimization problem, in which the optimal solution 

( w, b) is found satisfying the above mentioned constraints. 

I t
. d t re often not linearly separable; and even if they are, n practice, lata a 

SVM 
'd t argin that allows the classifier to misclassify some 

prov1 e a grea er m 
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2.2. SUPPORT VECTOR MACHINE (SVM) 

points, however it will generall; id b Y prov1 e etter performance than the hard 
margin SVM. Soft margin SVM th t 11 a a ows errors, introduce changing the 
inequality constraints [14] [4]. 

Yi ( < w, xi >+b) > 1--£. for ,; = 1 n 
'-:,i ' • ' ••• ' (2.40) 

where ~i ~ 0 are slack variables that allow a sample to be in the margin or 

misclassified. The term CL (i is added to limit the use of the slack variables i 
then the soft-margin SVM equation will be as the following: 

minimize + [/a + C 5, 
w,b i=l 

subject to :,(<w,z, > +b) > 1-, 
(i ~ 0 for i = 1, ...,n 

(2.41) 

The constant C > 0 sets the relative importance of maximizing the margin 

and minimizing the amount of slack. In order to solve this optimization 

problem, the method of Lagrange multipliers is used, it reformulates the 

original primary problem into dual formalization, it is expressed in terms of 

; as in the following equation: 

n n n 
maximize 2 a,- J 2 2 uo.a, (s,,3,) 
i=l i=lj=l 

n 
subject to : yo4 =0, 0 <a4 <C. 

i=l 

(2.42) 

then the weight vector w can be expressed using the samples xi and the 

solution ai as the following: 

n 

o=So 
i==l 

(2.43) 

h
. h a· > o are called support vectors, they 

All the samples Xi w/icl posses i 
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2.2. SUPPORT VECTOR MACHINE (SVM) 

are the points which lie on the margin boundaries. Intuitively, the support 

vectors do contribute in formulating the geometric location of the large mar­ 

gin hyperplane, and whose removal affects greatly the solution. SVM can 

be applicable to non linearly separable data, by mapping the data to some 

vector space using mapping function ¢, furthermore, SVM can handle do­ 

mains such as biological sequences where a vector space representation is not 

necessarily available [4]. 

The discriminant function will be as the following: 

f(x) = (w, ¢(x)) + b (2.44) 

Note that f ( x) is a linear function in the new feature space defined by the 
mapping ¢, while it is nonlinear in the original space if ¢(x) is a nonlinear 

function. The mapping can be done using kernels, as it is shown in the 
following equations when we reformulate the equation of the weighting vector 

w then substituting it in the discriminant function. 
' 

n 
(2.45) 

i=l 
n 

fa)=2or (@), 6(a)) + 
i=l 

As we know that the kernel function k(z,z,) defined as 

(2.46) 

(2.47) 

. h d; minant function becomes useful, as then the dual formulation for the 1iscr 
. k rnel function which presents a meanmgful 

it solves the problem using the e 
be computed efficiently [4]. 

similarity measures and can 
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2.3. EVOLUTIONARY APPROACHES 

2.3 Evolutionary Approaches 

Evolutionary Algorithms (EA) are stochastic ti: ·® +ti techn®> be 3d optam1zauon ecliniques vase 

on the principles of natural evolution [7]. 

The EA maintains a collection of potential solutions to a problem. Some 

of these possible solutions are used to create new potential solutions through 

the use of operators such as crossover and mutation. Operators act on and 

produce collections of potential solutions. These potential solutions are se­ 

lected on the basis of their· quality as solutions to the problem using fitness 

function. The fitness function is a measure of how good the solution is, and 

how far it is from the optimized solution. EA uses this process iteratively to 

generate new collections of potential solutions until some stopping criterion 

is met [7]. 

The classical families of evolutionary algorithms are: Evolutionary Pro­ 

gramming (EP), Genetic Programming (GP) [24], Evolution Strategies (ES) 

[13], Genetic Algorithms (GA), Evolution Programs, and Memetic Algo­ 

rithms (MA) [7]. I addition to the different EA variants mentioned above, 

there exist several other techniques that could also fall within the scope 

of EAs such as Ant Colony Optimization and Particle Swarm Optimiza­ 
' 

tion [53]. In our approach we used both the Genetic Programming technique 

(GP) and the Genetic Algorithm technique (GA) to find the optimized kernel 

by combining several string kernels. 

2.3.1 Genetic Algorithm 
. . d b the evolution of the biological behavior, 

GA is a technique that inspire )y 
. t ives the best performance in the do- 

it is efficient and easy techmque tha g 
. . However GA is a stochastic method 

main of optimization and searching. " 
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2.3. EVOLUTIONARY APPROACHES 

and generally a time consuming method. The evolution of GA starts by an 

initial random population. Generations are simulated by mating the best 

individuals in the populations and applying some biological operations on 

the resulted offspring. Mutation and Crossover are two famous operations 

that help us walk through the search space looking for the global optimal 

value. The fittest individuals are adopted to constitute the next generation. 

Algorithm 1 demonstrates the procedure of GA [34]. 

Algorithm 1 GA basic steps 
begin 
t 0 
initialize P( t) 
evaluate P(t) 
while (not termination condition) do 
begin 
tt+l 
select P(t) from P(t-1) 
alter P(t) 
evaluate P(t) 

end while 
end 

Fitness Function 

. . t once tin GA. It is a measure of The fitness function is the most important c p . 

h h .· d' 'dual is far from the best solution by giving each individ­ how mucl the indiv 
. . . determines how well an individual is ual a quantitative weight, this weight 

fitness function is a problem oriented aspect, 
able to solve the problem. The . 

. . search toward the fittest solution. and it minimizes or maximizes the 

Individual Encoding 

: itable way that enables the GA to . . . 1 be encoded m an sui 
GA individuals can formats of encoding, 

. . execution. There are many behave positively during its 
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the most used one is the binary encoding 0th c • . er formats of encodings repre­ 
sents the individual by an array of intege d · 1 b rs or lecimai numbers, and others 

encodes the individual to a string of letters. 

Selection 

There are many strategies for selecting individuals for survival and reproduc­ 

tion. These methods include: 

• Proportional Selection: a famous method by which the selection is done 

randomly, and fittest chromosomes have higher probabilities for being 

selected. This method is also called "Roulette Wheel" [34]. 

• Tournament selection: some number of individuals usually used to com­ 

pete for selection to the next generation, this competition( tournament) 

is repeated number of times equals to population size [34]. 

• Ranking Methods: all individuals in the populations are sorted from 

the best to the worst and probabilities if their selection are fixed for 

the whole evolution process [34]. 

Genetic Operators 

There are two methods that take place in the evolution process to simulate 

the biological nature; Crossover and Mutation. In crossover two individuals 

· t of their codes to produce an artificial offspring. mate by swapping segmen s 
• • · th t the new individual may be better than The idea behind crossover 1s a 

either parent if it takes the best characteristics from each of them. Crossover 
.' d" t a user-defined probability. Three strate- 

occurs during evolution according O 
. . 1 . t two-point and uniform crossover. 

gies of crossover includmg smg e-pom ' ' 
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2.3. EVOLUTIONARY APPROACHES 

After a crossover is performed m t t. ' u a ion take place. This is to prevent 
falling all solutions in population into 1 1 . a tocau optimum of solved problem. 
Mutation changes randomly the new offsp · D b" rmg. ror mary encoding a switch- 
ing few randomly chosen bits from 1 to O or from O to l. 

Population Size 

A population is the set of individuals in one generation. P ilati 5 . 'opuiataon size rep­ 

resents the number of individuals in a population. The larger the population 

size, the better the chance that an optimal solution will be found. 

Population diversity 

Diversity refers to the average distance between individuals in the population, 

it is one of the most important factors that determine the performance of the 

GA. It enables the algorithm to search a larger region of the search space. 

Stopping Criteria 

The genetic algorithm stops when it reaches one of the following conditions: 

number of generations, time limit, fitness limit, and stall time limit. 

2.3.2 Genetic Programming GP 

A t
. . lgori"thm GP [24] is a variant of evolutionary opti­ 

genetic programming a 
. . l f GA While GA works with binary 

mization algorithms. It is a special case o1 · 
c · d" · duals and it represents the solu­ 

strings, GP use trees as structure for ind1vi 
s with dynamical varying sizes and 

tion as a hierarchical computer program 
f he zenetic algorithm to the space of 

shapes. GP applies the approach O t e g 
: variety of seemingly different problems 

possible computer programs A wide ' 

37 



2.3. EVOLUTIONARY APPROACHES 

After a crossover is performed m tti ' u a ion take place. This is to prevent 
falling all solutions in population into 1 1 . a oca optimum of solved problem. 
Mutation changes randomly the new offsp · v b. rmg. ror mary encoding a switch- 
ing few randomly chosen bits from 1 to O or from O to l. 

Population Size 

A population is the set of individuals in one generation P ilati 5 n. opuuauon size rep­ 

resents the number of individuals in a population. The larger the population 

size, the better the chance that an optimal solution will be found. 

Population diversity 

Diversity refers to the average distance between individuals in the population, 

it is one of the most important factors that determine the performance of the 

GA. It enables the algorithm to search a larger region of the search space. 

Stopping Criteria 

The genetic algorithm stops when it reaches one of the following conditions: 

number of generations, time limit, fitness limit, and stall time limit. 

2.3.2 Genetic Programming GP 

A 
. . 1 "thm GP [24] is a variant of evolutionary opti- 

genetic programmmg a gon 
. . l f GA While GA works with binary 

mization algorithms. It is a special case o1 · 
r, diriduals and it represents the solu­ 

strings, GP use trees as structure for ind1vi 
s with dynamical varying sizes and 

tion as a hierarchical computer program 
f he zenetic algorithm to the space of 

shapes. GP applies the approach O t e g 
: variety of seemingly different problems 

possible computer programs A wide ' 

37 



2.3. EVOLUTIONARY APPROACHES 

from many different fields can b f ere ormulated h as a searc for a computer 
program to solve the problem. 

A simple description of a GP al) ithr · : gor1 m is given in Algorithm 2. 

Algorithm 2 GP basic algorithm 
Initialize population with rando» 1did 
E 1 

. m can .i .ate solutions 
valuate each candidate using fitr f · ·· · · 5ness tunction 

while (not termination criteria is reached) do 
begm 
Select parents 
Recombine pairs of parents 
Apply genetic operation on the resulting offspring ( . selection) crossover, mutation, 

Evaluate new candidates using the fitness 
Select individuals for the next generation 

end while 

A randomly generated population is used to initialize the evolutionary 

process. Then each candidate solution is evaluated by a fitness function in 

each iteration (generation) of the algorithm, the candidate solutions with 

the highest fitness have a higher probability of being selected in the next 

generation. 

A genetic operations are then applied on the candidate solutions in ev- 

ery generation which move the search forward. The operations could be 

crossover, mutation and selection. In crossover, a new solutions are created 

by combining parts of two or more solutions. However in mutation, the so­ 

lution is randomly altered see Figure 2.4, Figure 2.5. In the selection, the 

candidate solutions that will be the basis for the next generation are being 

selected. Genetic operators need parent individuals to produce their children. 

These parents are selected according to one of four sampling methods: 

• Roulette: Each individual owns a portion of the roulette that cor- 

d t 
·t cted number of children then the roulette with 

respon s O 1S expe 

random pointers is spun. 
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Parent o Parent 1 ChlldO Child 1 

Figure 2.4: Two individuals mate by swapping segments of their codes to 
produce an artificial offspring. 

• Sus: It relies on the roulette, but the pointers are equally spaced. 

• Tournament: Each parent is chosen by randomly drawing a number of 

individuals from the population and selecting only the best of them. 

• Lexicographic parsimony pressure is implemented in this method. a 

random number of individuals are chosen from the population and the 

best of them is chosen, however if two individuals are equally fit, the 

shortest one ( the tree with less nodes) is chosen as the best. 

2.4 Classification Performance Measures 
The Performance measures are statistical techniques used to evaluate a clas­ 

sifier. There is a large variation in the measures used to asses prediction 

systems in machine learning. 

H 
· d d 'vtion for the measures used in our experiments, 

ere we introduce some lescrip! 
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@) ® 

ParentO ChildO 

Figure 2.5: Mutation changes randomly the new offspring, the solution is 
randomly altered 

that we rely on to evaluate the classifier performance along with our evolved 

kernel. 

Given a classifier and an instance, there are four possible outcomes. If 

the instance is positive and it is classified as positive, it is counted as a true 

positive (TP); if it is classified as negative, it is counted as a false negative 

(FN). If the instance is negative and it is classified as negative, it is counted 

as a true negative (TN); if it is classified as positive, it is counted as a false 

positive (FP). See Figure 2.6. 
These metrics forms the basis for many common measures as follows [11]. 

The true positive rate ( also called hit rate and Recall) of a classifier is: 

Positives correctly classified 
Tp- Rate= Total positives 

(2.48) 

Th P 
· · Pr 3dicti Value (also called Precision) can be calculated as 

e 'ositive 'redictive 'a 
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Fgy ·save True rsitive 

False Positive 
7 

False Negative 

Figure 2.6: The true and false positives and negatives is illlustrated in this 
figure, when a predictive test is a continuous measurement, the true and false 
positives and negatives depends on the cut off point for test [39] 

follows: 
True Positives 

Precision =7, p aw:. Fl·Pc iii Tue 'ositives + ase, 'osves 

Negatives incorrectly classified 
FP - Rate= l . Tota negatives 

Also the sensitivity and specificity are associated with ROC curves, 

Sensitivity= Recall 

True Negatives 
Specificity= FalsePositives 4 True Negatives 

(2.49) 

The false positive rate ( also called false alarm rate) of the classifier is 

(2.50) 

(2.51) 

(2.52) 

d t hnique for evaluating classifiers and visual­ 
The most commonly use ec 

R . Operating Characteristics (ROC) 
. . . c re the ecerver izing their performance, a 

graphs. d b . . 1 detection theory to escn e 
b sed m s1gna ROC graphs have long veen u 
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the tradeoff between hit rates a d f 1 n a se alarm t f ra es O classifiers [56] [10]. 
The ROC curve describes the r lti · e aionship bet . . . . . ween sensitivity and speci- 

ficity for a specific test as shown in th fi e .gure 2.7. 

80 - "?ffe. - 60 
5 ·- .... ·- ti] g 40 
rn 

20 

Ideal Test ..,..,.----···--"··-··~ / 
,, .. •· / 

s7 / 
e / 7 .A° Z 

~ / 
/ ~ / / • 7 ;A / 

/ / 
I / / 
I / / 
I: / 
; Z !7 

0-r----.---~----,--·· 
100 80 6O 40 20 O 

Specificity (%) 

Figure 2. 7: The ideal test produces 100% sensitivity and 100% specificity as 
shown. If a the test has no predictive value, and the result is obtained by a 
random selection process, the relationship between sensitivity and specificity 
is linear as shown. The observer determines the actual operating point along 
this line [39]. 

This graph shows a comparison of ROC curves for an ideal test procedure 

with one that produces no useful information. The ideal test produces 100% 

sensitivity and 100% specificity. If a test procedure has no predictive value, 

and the diagnosis is obtained by a random selection process, the relationship 

between sensitivity and specificity is linear. 

In SVM the score values that are needed to plot the ROC curve are 
' 

re t
. th d" t f om any data point to the hyperplane, this score 

presen mg e is ance r 
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values is calculated in our experiments accordig to the following equation: 

Score= bias x ones(l, length(TSdata)) + alphas(:, 1)' 
xTSkernel(T Rdata(l + alphas(:, 2)'), TSdata) (2.53) 

The bias and alphas resulted from SVM train, where alphas are the Lagrange 

multiplier parameters that was shown in section 2.2, TSdata is the testing 

data, TRdata is the training data, and TSkerel is the testing kernel. 
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Chapter 3 

Literature Review 

The problem of optimizing multiple kernels, takes different point of views, 

some research make optimization for the parameters of a specific kernel, 

and others combine different numerical kernels using one of the evolutionary 

approaches or other optimization techniques. This chapter introduces the 

earlier work related to combining evolutionary approaches with the kernels 

methods with the purpose of kernel evolution and optimization. The first sec­ 

tion gives a view on the previous work that evolves numerical kernel, section 

3.2 introduces a previous work related to optimizing kernel parameters using 

evolutionary approaches. Section 3.3 talks about previous work on protein 

prediction. Section 3.4 demonstrates our contribution in this thesis, showing 

the novelty in evolving a new string kernel and optimizing its parameters. 

3.1 Numerical kernel evolution 
. h field of kernel optimization using 

There is continuous development in the e 
Th h most methods are still make 

the different evolutionary approaches. 10ug 
findi the best combination of these 

optimization for numerical kernels, by n mg 

kernels. 

44 



3.1. NUMERICAL KERNEL EVOLUTION 

Methastate et al. [32] introduced a famil _ 
y based GP for generating the 

optimal kernel. They used the ES to · t" · 'investigate the optimal parameter space. 
The evolved kernel is built using the tw t 

. o :ypes of operators: addition and 
multiplication, while the kernel functi · on is one of three types of numerical 
functions: linear, RBF and polynomial f :tic : unction. Their tree family denotes 
for a group of structurally identical trees wh"l th . k ' 1 e eir ernel tree composed 
of a multi-kernel function in the form of tree t t Th . s rue ure. ey introduced a 
normalized structure of the kernel tree to preser th t 1 · ve e structural regularity, 

by reordering its branches according to their weights. 

Sullivan et al. [54] introduced a new algorithm called KGP that used 

Strongly Typed Genetic Programming (STGP) and principled kernel clo­ 

sure properties to find near optimal kernels. They used the basic kernel 

functions as a terminal set, which are Polynomial, Gaussian and Sigmoid 

with randomly-chosen parameters. Lexicographic tournament selection was 

used in their approach to prevent growth of the kernel functions without 

any increase in fitness, however STGP ensures that selection, crossover, and 

mutation will not generate an invalid kernel function. The fitness function is 

the average of k-fold cross validation on the experimented data set. 

Diosan et al. [9] designed a Complex Multiple Kernel (CMK) and opti- 
. . d 1 · t to SVM. The chromosome is a 

mized its parameters using GP anc apply ' 
. · f MK It is a combination 

tree that encodes the mathematical expression O1 " 
. . • 1. RBF Sigmoid) and some offset 

simple numerical kernels (linear, polynomial, '· 
·· eters added to each kernel, using 

shifting coefficients, with additional paran 
. al mathematical operators. Their hy- 

addition, multiplication, and exponent . . 
: 5fMK function and optimized 

brid model discovered the optimal expression O 
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3.1. NUMERICAL KERNEL EVOLUTION 

its parameters, also tuned the regula ' ·ti rzation par t C rameer · They called the 
optimal found kernel a (eCMK). The u d . 

y 1sec the classification accuracy as a 
fitness function that evaluated each indi id d . 1v1@uaz using SVM. 

Howley et al. [18] introduced a techniq dl d . ue ca e genetic kernel SVM 
(GKSVM), where they used the genetic prog • ramming to evolve kernel from 

basic kernels polynomial, RBF and sigmoid kern 1 Th e s. ey create a kernel 

trees composed of kernel functions their fitness functio · th t · · , nIs e rammg error, 

however when two trees posses the same error another fitness was used based 

on the sum of support vectors. Then they presented a KTree model [19] 

that used genetic programming for constructing the kernels as a modified 

and extended version of GKSVM [18]. Their new model used a more sophis­ 

ticated kernel representation that can represent standard kernels, such as 

RBF, used a Mercer filter to improve performance, and also it used a differ­ 

ent fitness functions based on cross validation. They divided the kernel tree 

into two parts: vector, scalar trees, the input to the vector tree are the two 

samples, these inputs were combined using an addition or subtraction oper­ 

ations, while exponential and tanh operations can be used in the scalar tree. 

Then they applied a mercer filter on this tree by deleting the kernel tree that 

· · · 1 Th fit ess functions were used one of contained any negative eigenvalue. ree ne ' 
if · combination with a different them was the training set classification error 1 

1 • um of the support vector val- 
tiebreaker fitness such as the kernel tree size, s 

) 

th t ining data along with tree size. 
ues,and a 3-fold cross-validation test on e rai 

classification model called GPES 
Phienthrakul et al. [41] proposed a new 

h b . d kernel which satisfies Mercers 
that combines GP and ES to evolve y'r 

:. 'VM, their hybrid kernel expressed as a 
theorem and can be used used in S ' 
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3.1. NUMERICAL KERNEL EVOLUTION 

tree since it has some adjustable pa rameters. GP d . use for creating the hybrid 
kernel and ES used for adjusting the sub-ker . 

nel weights and parameters, the 
sub-kernel could be Polynomial or RBF T . ' · e operations used in the tree are 
"plus" and "multiplication". They us d th b e e ound of generalization error 
as a fitness function for evaluating thei» h b . d k r y'r ernel, which indicates the 
capacity of the machine to classify the data. 

Friedrichs et al. [12] used the covariance t · d • . matrix auaptation evolution 

strategy (CMA-ES) to select the kernel from a paramet · d k 1 erize erne space 

and to control the multiple SVM hyperparameters. They applied their 

method on Gaussian kernels. 

Methasate et al. [33] proposed a kernel-tree method whose function com­ 

posed of multiple kernels in the form of tree structure. They used GP to 

find the optimal tree structure and its parameters. They also used gradi­ 

ent decent method to tune the kernel parameters. The operation node can 

be either of the addition or multiplication operators on the basic functions: 

Linear, Polynomial, and RBF kernels. They combine the advantages of GP 

and gradient search to find the global optimal solution with its optimal pa- 

rameters. 

As an example for researches that creates new kernels using approaches 
. • th rk of K Crammer et al. [8] as 

other than evolutionary, we will mention e woI ' 

f · hted combination of kernels us- 
they constructed an accurate kernel from we1g 
. . new algorithmic implementation 
mg boosting framework. They introduce a 

. that had an influence in returning 
of the base learning algorithm for kernels, 

a good kernel from the boosting algorithm. 
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3.2. KERNEL PARAMETER OPTIMIZATION 

Another development in the field of ker . 
. nels is the use of multiple kernels 

instead of a smgle one, that is known b . 
. y multiple kernel learning problem 

(MKL). MKL can improve classifier f . pertormance, as it was introduced by 
Lanckriet et al. [25], they used semi-definite . . programming in solving it. MKL 
problem was reformulated in many resea he re es, one of them based on a semi- 
infinite linear problem (SILP) that has bee n proposed by Sonnenburg et al 

[52], their algorithm solves the problem by iter t· 1 1 • . auvely solving a classical SVM 

problem with a single kernel and a linear progra · f h' h mming tor whict number of 

constraints increases along with iterations. 

3.2 Kernel parameter optimization 

An optimization for the parameters of a kernel function is presented by many 

researchers using different approaches. Many of them used the evolutionary 

approaches, others used gradient decent approaches or the combination of 

them. Regarding these researches Mersch et al. [31] introduced a new pa­ 

rameterization for a k-mer oligo string kernel, where all oligomers of length k 

are weighted individually, based on evolution strategy. They used the Covari­ 

ance Matrix Adaptation Evolution Strategy (CMA-ES), an adaptive variable 

metric algorithm for efficient direct real valued optimization to search for ap­ 

;. The diffe it k-mers are given a new weight in propriate hyperparameters. e lit:eren - 

b d" scriminative than others, then 
the oligo kernel because they may e more i 

evolve the combined weighted oligo kernel. 

d (SOSVM) Simultaneous Opti­ 
Ahn et al. [1] introduced a model calle 

. . d the feature selection and the 
mization of SVM using GA, they optimize 
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3.2. KERNEL PARAMETER OPTIMIZATION 

instance selection, as well as th e parameters of th k e ernel fu :ti 
SVM, using GA. They used the G . nction used in 

aussan RBF as the k • e ernel functi id 
tuned its parameter d ? and the SVM uon, an parameter C Th . fi ·· ear itness functi 5 
the prediction accuracy for the testir da 9cD1on 1s mg ataset. 

Chapelle et al. [6] introduced a sy t h s em t at aut · omatically tunes multiple 
parameters for SVMs and kernel th . d » err motel used th id :..: : · le idea of minimizing 
some estimates of the generalization error of SVM . . s using a gradient descent 

algorithm that improved the performance d d an re!uced the complexity of the 

solution. They perform an experiment i 1· • n many applications to adjust the 

parameter C in SVM, and the parameter er for RBF kernel. 

Phienthrakul et al. [40] create a model that produces a flexible kernel 

function by combining multi-scale Radial Basis Function (RBF) kernels lin­ 

early, including weights. ES are used to adjust sub-kernel weights and the 

widths of the RBF kernels. 

Other researches that one could pay attention to, are those who build 

a combined models of evolutionary systems and machine learning systems 

such as (GA/SVM) hybrid model that is proposed by Zhao et al. [64]. Their 

system was used to classify proteins by selecting features from the protein 

sequences and then used it to train SVM classifier simultaneously using GA. 

They found the optimal feature vector among set of feature vectors extracted 

f 
. d thi timal vector to train SVM in 

rom protein sequences, then they use is op 
Th · fitness was a multi objective 

order to classify newly protein sequences. eir 

f 
. b and maximized the classifica­ 

unction that minimized the feature numbers 

tion accuracy. 
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3 3 PROTEIN SEQUENCES PREDIC " TION 

3.3 Protein sequences predit; e 1cion 

Machine learning approaches have been exte • 1 . nsrvely used in developing meth­ 
ods for signal peptide prediction. Signal peptid h . e ave an immense impact on 
modern cell biology as they are responsible of th e access of many proteins 
to the secretory pathway. Many researchers have b · t . . . een m erested in building 
models that predicts signal peptide and their cleavage ite 5 h diff e cr.es usmg t e 1 erent 

machine learning approaches', some of these methods are based on Hidden 

Markov Models (HMM) as the models introduced by Kall et al. [23], they 

propose a predictor is based on HMM that models the different sequence 

regions of a signal peptide and the different regions of a transmembrane 

protein in a series of interconnected states. their model is a combined trans­ 

membrane protein topology and signal peptide predictor. In the same field, 

Zou et al. [66] presented a HMM that combined a transmembrane barrel 

submode! and signal peptide submode! for both topology and signal pep­ 

tide prediction. Signal peptide predictors were also handled using neural 

network, as it was introduced by Nielsen et al. [38] [37], they developed a 

system for predicting signal peptides and their cleavage sites, called SignalP. 

A combined feed-forward neural network approach had been presented to 
. · t using one network to rec- 

recognize signal peptides and their cleavage si es, 
k to distinguish between signal 

ognize the cleavage site and another networ 
Also they developed a HMM version of 

peptides and non-signal peptides. 
• · . t between cleaved signal pep­ 

SignalP in [36], this model able to discriminate 
. other neural network based method 
tides and uncleaved signal anchors. An 

h 
: ethod used two neural net- 

. 1 [42] t% eir m was developed by Plewczynski et a · ' 
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3.4. THESIS CONTRIBUTION 

works trained on experimental data from S . 
·· wisprot database. Recently, SVM 

was used intensively to solve the signal p ·tid : . 
eptide prediction problem. 

Mukherjee et al. [35] used SVM to pred· t 
1ct secretory signal peptides for 

both prokaryotic and eukaryotic signal org: 5 
ansms, also they predict their 

cleavage sites. They use two types of kernel b s one ased upon Hamming 
distances and one based upon a similarity matrix th p A , e ercent ccepted Mu- 

tation (PAM) Matrix. The p AM matrix can be thought of as the probability 

that one amino acid replaces another so the similarity between two amino 

acids acids. Sun st al. [55] use the SVM to predict signal peptide and its 

cleavage sites, they divided the protein sequence into two segments and then 

calculated the amino acid compositions on both segments, then they formu­ 

lated the feature vectors from the pseudo amino acid compositions (PseAAs). 

Vert et al. [60] introduced a new class of string kernels derived from either 

from either independent probabilities or from Markov models probabilistic 

models. Then a SVM was used with the new kernel to predict signal peptides 

and their cleavage sites. 

Wang et al [62] introduced a string kernels for protein sequence based on 

the subsite coupling model. the constructed kernel was used with SVM to 

:. .s, s» l 3tide fr the protein sequences. They predict the cleavage site of signal.peptides trom · 
. . k 1 d they defined their mapping introduced a generalized probability ernel, an 

lin among three key subsites. 
function as a probabilistic model based on coup g 

3.4 Thesis Contribution 
d to our knowledge, no attempts 

As we see from the above previous work an up d 

W . traduce an evolutionary base 
h · kernel em ad been done to evolve a stnng · . 

. . novel string kernels, using two evo­ 
approach that can generate and optimize 
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3.4. THESIS CONTRIBUTION 

lutionary approaches, the GA approach a d 
. . ' n the GP approach. This model 

can optimize sub-kernel parameters, and SVM., . 
regularization parameter. it 

can be then used to classify biological seque ences. 
Our kernel tree chromosome encodes the th . 
mat ematical expression of com­ 

bined string kernels. We evolve more than one f f e orm O the new string ker­ 
nel, some of them is a weighted sum of sub-kernel th s, o ers can be seen as 
mathematical expression composed of string kernels co b' d •th dd' . mine wit a lition, 
multiplication, exponential operations. 

Each tree is evaluated using a good fitness function, that does not rely 

on the classification accuracy that causes overfitting. However, it considers 

both the sensitivity and specificity in evaluating the kernel tree. Suitable 

sampling methods is used in our model thats control bloat in the tree, also 

suitable crossover and mutation probability is used to help in producing the 

best kernel combination. 

Our system selects its terminal set from the most famous string kernels 

which each of them has set of parameters that need strongly to be optimized, 

and also selected the mathematical operation from set of the valid kernel 

operations that preserves Mercer's theorem. 

We use our new model in classifying biological sequences, especially in 
:. ili te' to determine whether they predicting signal peptide m mamma ian pro ems 

d . dicting MHCII peptides to dis- 
are is a secreted proteins or not, an m pre 

tinguish between binding and non-binding peptides. 

52 



Chapter 4 

Evolutionary Approaches for 

Kernel Optimization 

Our main contribution is to evolve a new string kernel by combining a set 

of string kernels and to optimize both the sub-kernel hyperparameters and 

the SVM regularization parameter using two evolutionary approaches, the 

Genetic Programming and Genetic Algorithms. We have tested our new 

evolved kernel on predicting signal peptide in proteins to determine whether 

it is a secreted protein or not. Figure 4.1 shows a general block diagram of 

the proposed system. This chapter explains the two approaches taken for all 

the experiments and shows how the results are generated and validated. 

Genetic Programming 

Genetic Algorithm 

SVM Prediction 
Classifying 
Secreted 
Proteins 

General 
Block Diagram of our System 

Figure 4.1: 
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L1 GENETIC PROGRAMMING APPROACH 

4.1 Genetic Programmin A g ·pproach 
Our proposed methodology uses one of the 

. most powerful evolutionary ap­ 
proaches; the GP. It is used for evolving the . 

. . new string kernel and optimizing 
it parameters, then it is used along with tj» : optimized SVM to predict mam­ 
malian secreted proteins. 

In GP, a potential solution is a tree encodi: th 0 mg e mathematical repre­ 
sentation of the evolved kernel and its paramet Th e ers. e tree- based repre­ 
sentation in GP for our based evolved kernel introd 1 ' uces arger search space 

than other representation like arrays. The leaves of O t 1 ur rees are se ected 

from a set of predefined string kernels, where the predefined string kernel is 

a function with two arguments represents two sequences. 

The sub-kernel was chosen from a set of kernels called Terminal Set TS. 

While the tree nodes contain elements from a set of functions called FS con- , 

tains the mathematical operations that preserves Mercer theorem and Clo­ 

sure properties [43]. The TS contains sub-kernels that have been chosen from 

the most famous string kernel in the bioinformatics field. Our string kernels 

covers all types of string kernels mentioned in section 2.1.7, as string kernels 

in general fall into four main categories,the first is the substring kernels such 

as "Spectrum" and "Mismatch" , the second category is the position depen­ 

dence kernels such as "Weighted Degree" , the third category is the pairwise 

1. t" th last is probability based 
comparison kernel such as "Local Alignment , e 

kernels such as TOP and "Fisher kernels". 

4.1.1 Individual Encoding 
e have formed our tree 

The GP tree can be built in different formats, w . 
. . . f kernels, or from a mathematical 

either from a weighted sum combination © 
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L1. GENETIC PROGRAMMING APPROACH 

expression including the plus, multiplication exponent· 
1 

. 
' Ia operations. So the 

two forms of trees will be introduced in the follow· b . 
Ing subsections. 

Evolve a string kernel as a weighted-sum combination 

The individual here was represented as a weighted sum combination of string 

kernels, as we used only summation operation, and we gave a weight param­ 

eter for each kernel used. This weight parameter indicates the role of each 

kernel in producing the evolved kernel. An example of a GP potential solu­ 

tion is: 

where a; are weights, which are adjusted during the evolution of the solu­ 

tion. k; are different kernel types and a,...z; are their corresponding param­ 

eters which are also selected by evolution. Figure 4.2 shows a sketch for the 

weighted sum tree example. 

ts a kernel tree composed of weighted Figure 4.2: An individual that represen 
sum of string kernels 

. the best combination of . el by searching for 
GP generates new string kern y . . ulation with different 

fir st initializes its pop! 
predefined string kernels. GP rs ts, then it makes its 

ith weight parameteI, 
fi d kc nels wi combination of prede ne er 
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1L. GENETIC PROGRAMMING APPROAcy 

lection according to the fitness function wh· h . . 
sec h 21ch is in our case the , 

ccuracy rate resulted from SVM. 

GP then performs a crossover and mutation. Th 
is Process is repeated 

until an optimal kernel is found. 

Evolve a string kernel as mathematical expression 

The individual that represents our evolved kernel can take another form , 
it was formulated as mathematical expression that contain addition, mul­ 

tiplication, and exponential operations. These operations preserves closure 

properties that verifies that the resulted kernel is a Mercer kernel. An exam­ 

ple of a GP potential solution is: 

where k; are different kernel types and 2,...z; are their corresponding 

parameters which are also selected by evolution. Figure 4.3 shows a sketch 

for the mathematical expression tree example. 

mathematical ex­ ts a kernel tree as Figure 4.3: An individual that represen 
pression of string kernels 
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ENETIC PROGRAMMING APPROACH 

2 Fitness Function .1. 

Our fitness function is based on the validation process of the solution. We 

used one fold cross validation technique, a random 1/3 of the data was used 

for testing and the rest of data used for training SVM with the resulting string 

kernel. The individual has been processed before the evaluation process. 

Algorithm 3 shows the individual processing and Algorithm 4 demonstrates 

the fitness procedure that was used to evaluate the individual. The fitness 

of the solution can be measured by the multiplying the sensitivity by the 

specificity according to the following equation: 

Fitness = Sensitivity x Specificity (4.3) 

Sensitivity 

Specificity 

TP 
TP-+ FN (4.4) 

TN 
TN + FP (4.5) 

. m les as positive when it is in Where TP are the correctly classified sa p . . . 

: le as negative when it is in h . tly classified samp es fad positive. TN t e correc . . h"le it is 
1 .fi d samples as positive w I h • rectly c assi e fact negative. FP are t e mcor • hile 

. fi d samples as negative w FN are the incorrectly classitie in fact negative. 

it is in fact positive. 

4.1.3 Population Size With a 
. better results. :. 5 in this thesis shows 

'I'he increased population size ;the solution space more 
ithm searches h etic algorit fall · to a large population size, t e gen algorithm will a m 

h ce that the g d · g the c an thoroughly, thereby re ucm 
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2 Fitness Function 4.1. 

Our fitness function is based on the validation process of the solution. We 

used one fold cross validation technique, a random 1/3 of the data was used 

for testing and the rest of data used for training SVM with the resulting string 

kernel. The individual has been processed before the evaluation process. 

Algorithm 3 shows the individual processing and Algorithm 4 demonstrates 

the fitness procedure that was used to evaluate the individual. The fitness 

of the solution can be measured by the multiplying the sensitivity by the 

specificity according to the following equation: 

Fitness= Sensitivity x Specificity (4.3) 

Sensitivity TP 
TP+ FN (4.4) 

Specificity 
TN 

TN +FP (4.5) 

. m les as positive when it is in Where TP are the correctly classified sa p . . . 

tive when it is in . I l, ified samples as nega i fact positive. TN the correctly classifi pp;; 

I 'fi d samples as positive while 1 is h . rectly c assi e fact negative. FP are t e mcor • hile 
. fi d samples as negative w FN are the incorrectly classitie in fact negative. 

it is in fact positive. 

4.1.3 Population Size 
It With a . h ws better resu, :s. :< in this thesis slo 

'I'he increased population size ,the solution space more 
ithm searches h etic algori f 11 · to a large population size, t e gen e algorithm will a m 

. the chance that th thoroughly, thereby reducing 
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Algorithm 3 Individual Preprocessing 
begin 

1. read the individual from GP to be c 
1 1ormulated. 

2. read kernel matrices for the training a d t . · n esting data. 
3. substitute the suitable matrices. 

4. multiply each sub-kernel with its assigned weight. 

5. sum the kernel matrices. 

6. produce the combined kernel. 

7. go to fitness function· to evaluate kernel. 

end 

Algorithm 4 Fitness Function 
begin 

1. read combined kernel matrix related to training data. 

2. send combined kernel to SVM. 

3. train SVM. 

4. read combined kernel matrix related to testing data. 

5. SVM prediction. 

6. calculate performance measures . 
. fi it to calculate fitness. 7. multiply sensitivity by spec tc Y 

8. send fitness value to GP for decision. 

end 
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- 4.1. GENETIC PROGRAlv!lvIING APPROACH 

Algorithm 3 Individual Preprocessing 
begin 

1. read the individual from GP to be formulated. 

2. read kernel matrices for the training and testing data. 

3. substitute the suitable matrices. 

4. multiply each sub-kernel with its assigned weight. 

5. sum the kernel matrices. 

6. produce the combined kernel. 

7. go to fitness function to evaluate kernel. 

end 

Algorithm 4 Fitness Function 
begin 

l. read combined kernel matrix relate 

2. send combined kernel to SVM 

3. train SVM. 

4. read combined kernel matrix el\ 

5. SVM prediction. 

6. calculate performance 1ii! 

7. multiply sensitivity by spwili l 

8. send fitness value 1h n/' /,,, 1 ' 

end 
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local minimum. However, a large population . 
size also causes the al; «: 

to run more slowly. Population size in th gonthm 
e range of 100 to 150 ind-» 

used in the testing of results. ividual was 

4.1.4 Crossover to Mutation Ratio 

At the beginning we use a crossover fraction f O 5 . 
o . ' that we give the popula­ 

tion the same percent of being selected for er 
OSSOver or mutation. However 

' a crossover fraction of 0.9 is found to be more • 
appropriate for the domain of 

the work here. This fraction was optimized during th 1 • . e evolution process in 
GP. The rest of the individuals in the population childre t d • n are mu ate usmg 
the mutation function explained above. 

4.1. 5 Selection Criteria 

The selection of parents for reproduction is done using Lexicographic Parsi­ 

mony Pressure Tournament sampling method. Random number of individu­ 

als are chosen from the population and the best of them is chosen. However, 

if two individuals are equally fit, the shortest one (the tree with less nodes) 

is chosen as the best. This sampling technique has shown to be an effec­ 

tive tool that controls bloat in different types of problems. Other sampling 

methods are also tested to see which one produces the best kernel, such as 

tournament, sus and rollete. 

4.1.6 Stopping Criteria 
. ll ·rogrammed to stop when 

Generally, the evolutionary algorithms are usuav!y P . . 
ific number of generations, time limit, 

reaching one of the following: a spec tc 
: mnts. we monitor the con- 

fitne j it. In our exper1met 3, ess limit, and stall time limit. 

59 



ea aEEIC ALGORITHM.ArFRoa 
vergence in fitness during the generation th 

· + s, us, we do provide the algorithm 
with a specific number for generations, th,,+ 

,, » @E causes the fitness value to stop 
changing startmg from a specific number f . 

; OI generations, As a result, we 
consider this number as a stopping criteria, 

In other words, there exist several choices fo th 
or e number of generations 

which are given to GP regarding the evolution pr Th 
ocess, e fitness value is 

being tracked while the generations keep varying a d h .h; 
, n w en tis fitness value 

stops to improve or change at a certain number of gene t· . 
rauons, we consider 

this value and refer to it as the stopping condition. 

4.2 Genetic Algorithm Approach 

GA was used as another approach for evolving a new combined string kernel. 

Two methods were adopted to crawl toward our goal, one based on repre­ 

senting the individual as a string of floating point numbers, and the other 

based on representing the individual as binary string. The following two 

subsections introduces these methods. 

4.2.1 Floating Point Representation 

t · f ten floating point num­ The individual of GA was represented as a s nng O . 

GA searches b . . t d the kernel weight. ers, each number in the strmg represen e 
1 f onsists of ten kernels, for the best set of weights. Then the fittest so u wn c 

. le individual is given in the each kernel is given the suitable weight. A samp 

following example: 

Chromosome l : [0.1 0.3 0.05 0.03 0.02 0.2 0 0.06 0.04 0.2] 

as in the following example: 
Then the solution of our GA would be 
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42. GENETIC ALGORITHM APPROACH - 
K =0.1 x k,+0.3 x k,-+0.05 x k,-+0.3 

7 X k,+0.02x k, 
40.2 x k,-+0.06 x kg+0.04x k,-+0.2x k, (4.6) 

where k; are the ten string kernels that was d . 
use to evolve the combined 

kernel. 

Each individual was evaluated using the fitness fur ti ft . 
nc 10n, a er It was 

Processed to produce the kernel matrix. Then the kernel t • 
ma nx was used a 

long with SVM to predict the signal peptide sequences. The fittest individual 

is the one who has the best classification performance. The fitness of the 

solution can be measured by the multiplying the sensitivity by the specificity 

as we used it previously in GP in Equation 4.1 . 

As we see here in GA we evolved a new string kernel that was represented 

as a weighted sum of the available ten kernels, by getting the optimized 

weights from the evolution process of GA. However, this procedure cannot 

optimize either the kernel parameters, nor the SVM hyperparameter. 

4.2.2 Binary String Representation 

. GA • d' · d 1 · s a binary string consists In this type of representation the m 1v1 ua I 

f kernel in the solution. Zero of ten digits, each digit implies the presence o a 

. . . . k· . ot included in the resulted digit in the i location means that the ; is n 

d A sample individual is given in kernel, one digit means that it is include · 

the following example: 

Chromosomel : [1101000 101] 

. h following example: Then the solution would be as m t e 

K =k,+k»+k,+ks+ Io 
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LMPLElvlENTATION 4.3. - 
Implementation 4.3 

. lementation of GP, we used the GPLAB library [49] MATLAB envi­ For p 
t [30] under LINUX for GA. Shogun toolbox [51] was used for SVM ronmen 

and kernel implementation. 
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Chapter 5 

Experiments and Results 

This chapter is divided into three sections. In the first section, we introduce a 

description for the benchmark data. Two benchmark data were used, Signal 

Peptide and MHC. Then, in the second section, we introduce the results 

generated from the signal peptide benchmark, including the two evolutionary 

methods. We look at a specific data set and try to find out how our new 

GP evolved kernel achieves its good performance. Then we introduce the 

comparisons between the evolved kernel and other ten string kernels. We also 

introduce the results from the GA method. In section three, we introduce 

the results generated from the MHC benchmark data, using the GP evolved 

kernel. In section four, time comparison between our evolved kernel and 

th . . .fi . • · t duced and the actual time ot er single string kernels in classification 1s intro '9 

needed to evolve the kernel is also introduced. 
. d the ROC scores that the clas­ 

Evaluation of the performance is base on e 
. . : id roblem and predicting the sifiers achieve on predicting the signal peptide p 

: sults based on different perfor­ 
MHC problem. We present the comparative re .. 

itivity, specificity,positive 
Inance measures such as classification accuracy, sensi 1 

' 

d. t · value (NPV) predictive value(PPV), negative predictive 
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sa BENCH(ARh.AA 
5.1 Benchmark data 

Two benchmark datasets are used: the signal . 
Peptides and the MHC binding 

peptides. The first benchmark dataset are a s t f . . 
:. ·et ot protein signal peptides 

that is used to tram the SVM using our evolved k 
ernel, then to be able to 

classify a protein sequence as a secreted protein 
0 r non-secreted protein. The 

second benchmark dataset are a set of MHC peptide th t . . 
es a is used to tram 

the SVM along with the new evolved kernel to distinguish bind,,, 
uisI inder peptide 

from non binder one's. 

Our evolved kernel is used in solving protein classification problems. The 

proteins are the most versatile macromolecules in living systems and serve 

crucial functions in essentially all biological processes. They transport and 

store other molecules such as oxygen, provide mechanical support and im­ 

mune protection, generate movement, transmit nerve impulses, and they 

control growth and differentiation [22]. 

Proteins are linear polymers built of from a Repertoire of 20 monomer 

units called amino acids, These molecules have a common core and differ 

in only one part called the side chain, which gives the amino acids their 

. . [ ] A d · t· £ these two bench marks is specific chemical properties [22]. lescription tor 

introduced here. 

5.1.1 Signal Peptide benchmark 

. : ids lon ) sequence chain that directs Signal peptide is a short (3-60 ammo aci 8 g 
that targets proteins that 

the transport of a protein. It is the pre-sequence . 
11 s such as mitochondria, 

t ther organe e ' are produced in the cytoplasm O O . al se 
he secretory pathway [22]. Signe 3- 

chloroplasts and apicoplasts, through t . d leaved off 
. 1 art in the protein an c 

quence is often located in the N-termma P 
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5.1. BENCHMARK DATA 

by an extracellular signal peptidase h'l w 1 e the p t • · rotein is transf 
the membrane. Figure 5.1 illustrates the erred through 

e presence of signal . . 
N-terminal part of the protein and h peptide in the 

' s) ows ho th w e proteins that h . 
Peptides are secreted through the sec t ave signal retory path S 

way. iecreted proteins t . 
YD­ 

Cytoplasm Product 

N-Terminal 
C-Terminal 

Figur.e 5.1: Secreted vs Non-Secreted proteins, the cytoplasm produces a 
protein sequences, some of them have an N-terminal(signal peptide) and C­ 
terminal, others have only C-terminal, the proteins that have signal peptide 
Is secreted outside the cell, while proteins with no signal peptide are not 
secreted 

cally have an N-terminal hydrophobic signal sequence which facilitates their 

translocation into the endoplasmic reticulum (ER). A signal peptide guides 

the targeting of secretory proteins to the correct subcellular compartments 

in the cell, it is often present on the N-terminus of transmembrane proteins. 

Signal peptides do not have unique sequences, and their biological charac­ 

terizations do not provide an accurate enough classification rule. So pattern 
r · · : fc thi blem since there exists a €cognition algorithms are appropriate for s pIO 
1 t f rules which discriminate 
arge set of examples from which to infer a se O 
bet ide -signal peptides. e ween two patterns, signal peptides vs. non- 

fl t benchmark to evaluate our 
We use mammalian proteins to be our rs 

ta4ti+ ;secreted proteins from 
new evolved kernel along with SVM, by differentia mg 
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;1. BENCHMARK DATA 

protein sequence 
MMKILVCLPLLTLYAGCVY 
MMSAMKTEFLCVLLLCGA GIATGNPVSRL 
MAVWLAQWLGPLLLVSLW~FTSPSQETYRR 
vTGcETsAcrssvL,-.,,""®Rat 
LRTESCRPRSPAGAA,,,, "AGL.GM 
MLGTVKMEGHETSDWNSYYADLLLLLLLLA 
ors awoovvs,,,"®®o 
art±.FitLFLFs,,"""® 
MKPWAVGLGPPPPAVPLLLLLLLGAA~~~~ 
MNRSRQVTCV AWVRCGVAKE TPDKVELSKE 

label 
1 
1 
1 
-1 
1 
-1 
-1 
1 
1 
-1 

non secreted proteins. 

We perform the experiments on the datli f a ase o protems used by Lezheng 

et al [63]. A total number of 1365 mammalian t · pro ems are selected: 

685 are secreted proteins and 680 are non-secreted t · e pro ems. Each sample is 

taken from the first 30 amino acids of the protein A l f · 
. n example of the signal 

peptide sequences is given here: 

5.1.2 MHC benchmark 
Major Histocompatibility Complex (MHC) molecules, are active component 

to the development of the immune response to pathogens [5]. These molecules 

act as receptors for peptides ·( short sequence of amino acids) derived from 

foreign antigens as well as self peptides and enable the long-term display 

of antigens on the cell surface [15]. Figure 5.2 illustrates the binding and 

non-binding peptides, the binding peptides are recognized by the immune 

system, while non-binding ones are not recognized. 
Prediction of peptideMHC binding, represents an important goal in bioin­ 

formatics, so we use MHC benchmark data with our evolved kernel to classify 

binder peptides from non-binder one's using SVM. 
N 

MHCil 2.2 server' the data 

The peptide dataset is taken from the et saw»,,, , a. A eampile of. 
sed in Our experiments is DRBl 0101 datas 
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,1. BENCHMARK _DATA 

protein sequence 
MMKILVCLPLLTLYAGCVY 
MMSAMKTEFLCVLLLCGAVGIATGNPVSRL 
MAVWLAQWLGPLLLVSLWG~TSPSQETYRR 
rTGGETsAcxFssvi.a,,,"""®"Rat 
MLRTESCRPRSPAGQVAAASPLFHAAGLQM 
MLGTVKMEGHETSDWNSYYADTLLLLLLLA rsawvsa "®" 
MRIH 

QPAFD 
YLLFALLFLFLVPVPGHGGIINTL K 

MKPWAVGLGPPPPAVPLLLLLLLGAALV~A 
MNRSRQVTCVAWVRCGV AKE TPDKV ELSKE 

label 
1 
1 
1 
-1 
1 
-1 
-1 
1 
1 
-1 

non secreted proteins. 

We perform the experiments on the datab f . ase o protems used by Lezheng 

et al [63]. A total number of 1365 mammalian t · pro ems are selected: 

685 are secreted proteins and 680 are non-secret d t · E e pro ems. ~ ach sample is 

taken from the first 30 amino acids of the protein A l f h · · n examp e o t e signal 

peptide sequences is given here: 

5.1.2 MHC benchmark 
Major Histocompatibility Complex (MHC) molecules, are active component 

to the development of the immune response to pathogens [5]. These molecules 

act as receptors for peptides (short sequence of amino acids) derived from 

foreign antigens as well as self peptides and enable the long-term display 

of antigens on the cell surface [15]. Figure 5.2 illustrates the binding and 

non-binding peptides, the binding peptides are recognized by 
th
e immune 

system, while non-binding ones are not recognized. : rtant goal in bioiu 
Prediction of peptideMHC binding, represents an impo 

f 

. 
1 

lved kernel to classify 

ormatics, so we use MHC benchmark data with Ou!' 

binder peptides from uon-binder one's using SVM . aMHCil 2.2 server, the data 

The peptide dataset is taken fro th0. y. An example of MHOU 

used in our experiments is DRB10101 data5ll" 
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5.1. BENCHMARK DATA 

protein sequence .. 
MMKILVCLPLLTLYAGCvY;:;-:;:--;::::--- label 
sATEFL.cvL.11cc,,,]"Psi 7 
MAVWLAQWLGPLLLVSLWGLLSPSQETYRR 1 
MHTGGETSACKPSSVRLAPSF:PASLLRRL 1 
MLRTESCRPRSPAGQVAAASPLFHAAGLQM -1 
MLGTVKMEGHETSDWNSYYADT~LLLLLLA 1 DFG1avast7®P -1 
w1wt.LFALLFLFLPwc,,,,P 1 
MKPWAVGLGPPPPAVPLLLLLLLGAALV~~ 1 
MNRSRQVTCVAWVRCGVAKETPDKVELSKE ~ 

non secreted proteins. 

We perform the experiments on the datab: ·f . ase o protems used by Lezheng 
et al [63]. A total number of 1365 mammalia t · n pro ems are selected: 

685 are secreted proteins and 680 are non-secret d t · E e pro ems. ach sample is 

taken from the first 30 amino acids of the protein A 1 f h · . n example ot the signal 

peptide sequences is given here: 

5.1.2 MHC benchmark 

Major Histocompatibility Complex (MHC) molecules, are active component 

to the development of the immune response to pathogens [5]. These molecules 

act as receptors for peptides (short sequence of amino acids) derived from 

foreign antigens as well as self peptides and enable the long-term display 

of antigens on the cell surface [15]. Figure 5.2 illustrates the binding and 

non-binding peptides, the binding peptides are recognized by the immune 

system, while non-binding ones are not recognized. 

P 
' ortant goal in bioin- 

rediction of peptideMHC binding, represents an imp 

f 
. h 1 ed kernel to classify 

ormatics, so we use MHC benchmark data wit our evo v 

binder peptides from non-binder one's using SVM. 
MHCII 2.2 server, the data 

The peptide dataset is taken from the Net 
[ ] An example of MHCII 

used in our experiments is DRBl *0101 datasets [20]. 
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5.2. RESULTS FROM SIGNAL PE JPTIDE BENCHMARK 

MHCII Pe tides 

(+) [ 
(-) 

®»g==re 
(+) ..______. 
[) fa, g: 

by immune 
system 

Figure 5.2: MHCII binding and non-bindin . 
shown are labeled as ( +) or (-) the ·t· g peptides, the short sequences • positive peptid < 
and they are recognized by the imm i es are bmded to MHCII . une system whil th . 
not bmded, and so not recognized by i ' /° e negative ones are Immune system 

MHC sequence label 
AAEWVLAYMLF TKFF 1 
AALNVKRREGMFIDE -1 
AAQPGLTSAVIEALP -1 
ACMLDGGNMLETIKV 1 
ACVKDLVSKYLADNE 1 
ADLDEILLDGGASDY -1 
ADSEITETYKEGDAV -1 
AEHDRQVLNNLSNCV 1 
AEVRSYCYLATVSDL 1 
AFKIGLHTEFQTVSF 1 

sequences is introduced here: 

We use 4794 sequence, divided into 1448 non-binder sequences, and 3346 

binder sequence. 

5.2 Results from signal peptide benchmark 

The signal peptide benchmark is used in testing our new kernel with SVM. 
Tw 1 • d h GA e used to evolve a new o evolutionary approaches: the GP, an t e ar 
kernel on this benchmark. A description for the experiments that are made, 

Will be introduced here. 

67 



;2. RESULTS FROM SIGNAL PEPTIDE BENCHMARK 
5.2.1 Results From GP Approach 

GP is used to evolve the new string kernel b . y making two : . . · maim experiments 
the first implements the GP individual as a weight 

. ghted sum expression of ker­ 
nels, the second implements the individual 

' . as a mathematical expression of 
kernels. In both experiments, we use different 5hi 

sampling methods, and differ- 
ent probabilities of crossover and mutations. In th £ 11 . 

e o owmg paragraphs the 
results is discussed. 

GP experiment with a weighted-sum individual 

We performed our experiment to get the best combination of kernels using a 

population of 100 kernel trees and 150 generation, each individual is expressed 

as a weighted sum of string kernels. We applied crossover and mutation 

operations with 50% probability for each. 

Selection of parents for reproduction was done using 'Lexicographic Parsi­ 

mony Pressure Tournament' sampling method. This method was explained 

in (Section 2.3.2). Random number of individuals are chosen from the popu­ 

lation and the best of them is chosen. However, if two individuals are equally 

fit, the shortest one ( the tree with less nodes) is chosen as the best. This 

sampling technique has shown to effectively control bloat in different types 

of problems [49]. Figure 5.3 illustrates the population diversity during the 
t 1 mplexity and Figure generations growth, Figure 5.4 depicts the struc ura co ' 

5.5 is the resulted kernel tree. 
ed of ten string kernels: 

The individual of GP is a kernel tree compoS 

1. Spectrum kernel 

2. Weighted Spectrum kernel 

3. Fixed-Degree kernel 
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2 RESULTS FROM SIGNAL PEPTIDE BEN 9NCHMARK 
Population diversity 

ED 

~ 
g? 

70 Q) 
> 5 
C: 
0 
is aJ = 2 
0 
2 

9) 

4O 
0 50 100 150 

generation 

[ - uniquegen: 7~ 

Figure 5.3: Population diversity, it refers to the average distance between 
individuals in the population, as it is shown, the diversity here is large enough 
that enables the algorithm to search a larger region of the search space. 

60 --------~ 

Structural complexity 

50111'1·: __ ~ '. .. 

g: i 30 : : ; 

-- 0 .• 

's a. . • ' 
~ : : : ••: j! 20 : \"') , ;' . 

- maiomum depth: 6 
+bestsofar depth: 6 
.. • ., .. · bestsofar size: 11 

40 \ ; : 

.. .. ...... ... .. . ... . . ..... ••: 10 · , . 

Li.,', , , so 1oo 
generation 

1 d tree is illustrated 
. f the best evolve d is 11 

Figure 5.4: The structural complexity _ ,pd the number of no es 1 h; 
in this figure the depth of the best treef1s 6d s(string kernels) produces t 
these numbers shows a small number O no e 
best performance. 
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Plus 

K9 6.31% 

A 
K7 .5.40% 

A Plus 

Kll 10.57% 

7 
Kl 41.93% 

A 
K7 24.97% K7 10.84% 

~igure 5.5: Resulted Kernel Tree, where Kl: Spectrum Kernel, K7: Weighted 
pectrum Kernel, K9: Salzberg Kernel, Kl 1: LocalAlignment Kernel 
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;2. RESULTS FROM SIGNAL PEP'TID 
2OE BENCHMARK 

4. TOP kernel 

5. Salzbreg kernel 

6. LocalAlignment kernel 

7. Localityimproved kernel 

g. Polymatch string kernel 

9. Match Word String kernel 

10. Weighted Degree Position Mismatch kernel. 

Each kernel was assigned a weighting parameter that indi: t its ·ff n. acates 1 s e ect on 

the performance rate of classification. Each kernel has its own parameter(s) 

that was adjusted using GP to give the best performance. 

The evolved kernel tree is viewed in Figure 5.5, it consists of four string 

kernels: Spectrum, Weighted Spectrum, Sazberg, LocalAlignment String 

Kernels. 

GP tunes each kernel parameters to give the best result; also it tunes the 

weighting parameter to demonstrate the significance of each kernel in this 

combination. The evolved kernel is the best combination of string kernels 

that produces the best performance measures in predicting secreted proteins 

when comparing with the results of each string kernel alone, and according 

to our experiments conditions. 
h t btained when using the 

Table 5.1 shows the performance measures t a 0 

£ ance of each kernel 
new kernel along with SVM compared with the pertorm 

. . tin and comparing the 
alone. Three-fold cross validation is used for test 38 
re ah. the ROC analysis)­ esults. (Figure 5.6 and Figure 5.7 shows t e 

tomatically evolve the 
This results show the ability of our model to au gVM .. which outperforms the 

Suitable kernel with its optimized parameters 
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5.2. RESULTS FROM SIGNAL PEPT1D 2EBENCHMARK 

SCORE 
100 ­ SCORE Sensitivity. 96.9 I 100 

Specificity; 98.4 
80 Criterion: >0.1203 

AUC:99.1 80 
~ 60 ~ > 60 ±: ~ (/J c 40 Ill 

~ 
C 

8 40 

20 20 

0 I I . . . 0 
0 20 40 60 80 100 0 20 40 60 80 100 100-Specificity 

100-Specificity 
(a) GP evolved kernel (b) Spectrum kernel 

SCORE SCORE 
100 100 ­ 

erg e: ] 80 80 Specificity. 96.6 
Crtenon: >0.1516 

~ 60 AUC:97.0 ~ AUC:98.6 
2 > 60 
±? 41 
Ill a 
C 40 C 

~ QJ 40 Cl) 

20 20 

0 0 . 
0 20 40 60 80 100 0 20 40 60 80 100 

1 DO-Specificity 

( c) Fixed degree kernel 

SCORE 

100-Specificity 

( d) Weighteddegreeposition kernel 

SCORE 

80 

~ 60 
~ 
Ill 
cC 

~ 40 

20 

AUC:95.9 

0Huy';',% o 20 40 60 80 100 
100-Specificity 

(f) Mach Word kernel 
( e) Localityimproved kernel 

. evolved Spectrum, Fixedde­ 
Figure 5.6: Roe Curves resulted from the GP- d k ls on signal peptide. 
gree, W dposition, Localityimproved, Matchworc ere 

0 20 40 60 

80 

~ 60 AUC:96.6 
~ 
(/) c 40 8 

20 

100-Specificity 
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SCORE or= , 
80 

f 60 

$ ® 
20 

AUC:98.3 

g;',z-) 
0 20 40 60 80 100 

1 00-Specificity 

(a) Poymatch kernel 

SCORE 

%s s % %% % 
100-Specificity 

(c) TOP kernel 

r 

g 60 
? 
(I) 
C: 

3 40 

20 

0 
0 20 40 60 so 100 

100-Specificity 

(b) WeightedSpectrum k ernel 

SCORE 

f 60 AUC:97.8 
~ 
~ R 40\ • 

20 

0 20 40 60 80 100 0 20 40 60 80 100 
1 00-Specificity 1 oo.speciftclty 

(e) Weighteddposmismatchkernel (f) Localalignment kernel 

Figure 5.7· . Top S · Roe Curves resulted from the polymatch, WeightedSpectruntl, 
' alzberg, Wdpmismatch, Localalignment kernels on signal peptide. 

0 

40 

20 

o+ 
0 20 40 60 80 100 

100-Specificity 

(d) Salzberg kernel 

SCORE 

(EF. 80 
Speaflcily: 99 O 
Crtenon: >0.1983 

60 
AUC:99.1 

40 

20 

0 . . . . . 
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s.2. RESULTS FROM SIGNAL PEPTIDE " BENCHMARK 
,,., ble 5.1: Results: Comparison of our - 
Jal . q;r% new evolved l 
vperiments usmg 111erent performance ernel with sin 1 k e,-. measures g e :erne] 
== Kernel TP FP TN FN 'Spec S ens Accuracy PPV 

Spectrum 662 33 647 23 95.16 96_66 95 NPV Fitness AUC 
weighted-Spectrum 658 46 634 27 93.20 96.06 ,,' 95.2596.55 93.55 98.7 

Salzberg 641 68612 44 89.95 93.ss ,," 34895.90 91.4s os. 
Local-alignment 663 22 658 22 96.77796.78 95>, "0.4993.34 83.70 97.o 
Fixed-degree 629 61 619 56 91.03 91.86 91. 8 96.7996.76 94.75 99.1 

TOP' 506237443179 65.32 7a.so ,,,, 11591.67 &4.st oz.o 
Locality-improved 673 257 423 12 62.09 98_26 80·29 

68·22 71.25 45.69 76.8 
Match-word 652125555 33 81.57 95.22 @, '9697.17 64.66 95.9 
Polymatch 650 55 625 35 91.89 94_88 93·41 

83·9194-33 80.40 96.6 
Weighted-degreepos 655 36 644 30 94. 73 95.59 95.1 92·20 94-69 88.56 98.3 
wapos-mismatch 637 40 640 48 94.17 92.99 o5,, ,®9®557 90.1s os.s 

New-Evolved-Kernel 667 20 660 18 97.06 97.40 97 22 9 _. 6 93.06 84.90 97.8 
. 37.0897.32 95.68 99.1 

Table 5.2: Kernel Parameters 
Optimized-Parameter Spectrum Weighted-Spectrum Salzberg 
Weight-Parameter 41.926% 41.204% 6.305% 
Kernel-Parameters k=2 k=2 

LocalAlignment 

gap=l 
usesign==0 

gap=O 
usesign=0 

degree=3 
gap=2 

10.565% 
No kernel parameter 

pos-prior=le-l 
neg-prior=le-l 

with single string kernel when applying it on protein classification problems. 

We can see from the table above that our evolved kernel gives the highest 

percentage in all measures (accuracy, sensitivity, specificity, PPV, NPV), 

while the LocalAlignment string kernel alone gives a fitness of 94.75%, our 

evolved kernel still outperforms it and gives higher value for fitness 95.68%. 

Here we should have a seen on the kernel tree to see the effect of each kernel 

on the new evolved kernel ' the weighting parameter of each kernel presents 

this effect. 

T 
h k el . and shows the 

able 5.2 shows the weighting parameter for eacl ern ' 
d'ff . . d them Spectrum ker­ 
llterent kernel parameters that our method optimize · . 

n l . . kernel participates with 
e Participates with 41.926%, WeightedSpectrum 

412 . 5% LocalAlignment kernel 
· 04%, Salzberg kernel participates with 6.301 » 
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2 RESULTS FROM SIGNAL PEPTIDE B k' ""f+Pk BENCHMARK 
ticipates with 10.565%. In spite of th 

par" e power of the L IA . 
1 . d ocal dignm it 

t ·ng kernel a one, it toes not take a big r 1 . en 
str 'O e m our co» bi . · mined kernel Also model optimized the SVM parameter C, it 
our st tuned thi 

Is parameter tc 1 
c--100 that gives the best performance. 0 e 

Experiment with mathematical expression indi id nlrviluals 

The individual of the GP here was a mathematical . 
expression that preserves 

the closure properties. A set of mathematical function th t 
s a preserves the 

closure properties can be used such as summation, multiplicati ' auon, exponen­ 
tial and others. However not all of them could be used in our experiments, 

such as exponential function. This because we deal with large size kernel ma­ 

trices, and the solution that contains many exponential functions for these 

matrices needs larger size of memory, larger space, faster processors than the 

available ones. 

So the multiplication function, with some limitation on the tree depth 

and node size was used in addition to the summation function. However the ' 
GP chose the best individual the contains only the summation function. The 

best individual can seen as the following equation: 

K, x 72.6+ K, x 25.2+ Kn1 x 2.2 (5.1) 

. ighted-degree-position kernel, Where K, is the Spectrum kernel, Ks is the Weig 

and Ku is the Localalignment kernel. 
. 0.95 was chosen by Gp to 

In this experiment the crossover of fraction · 
. f : 100 were used to 

b the id ulation ot size e e best ratio 150 generations an a pop d 
. d . th SVM to classify secrete 

evolve the kernel. The evolved kernel was use wi 
. wed in Figure 5.8 . 

Proteins, and the resulted ROC curve can be vie 
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;2, RESULTS FROM SIGNAL PEPTIDE BENCHMARK 
Score oo,= 

.([sensiiyssa 77 
80 • Speclfk:ly: 96.3 

~ Crterton: >-0.0268 }-'lV'] »' 
, . , 

, . , , . , , 
g 

, , , 
¢ , 

, 
¢ , , 

g . , 0 • I 

60 

40 - 
. . 

20 - . . 

AUC:98.8 

4 g 4 I • I • 
0 20 40 60 80 100 

100-Specificity 

Figure 5.8: ROC curve for evolved kernel when individual is mathematical 
expression 

These Results confirms that we could obtain the same performance as the 

Localalignment kernel using simple string kernels, as we notice that from the 

high value for the Spectrum kernel weight. Also we should not forget that 

this method in general facilitate the process of selecting the suitable string 

kernel for a specific problem, and it optimizes the different kernel and SVM 

parameters. 

Comparison between different sampling methods 

Th b d during the evolution- 
ere are different sampling methods that can e use 

lt b tween four sampling 
a1y process, Table 5.3 shows the comparison resulS e 

d using 150 generations 
methods, when we used a crossover fraction of 0.8, an 
o . the Lexicographic parsimony 
n 100 population size. The results shows that 

. this evolution problem. 
Pressure method is the best sampling method in 
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RESULTS FROM SIGNAL PEPTIDE BEN 
s2. EICHMARK 

Table 5.3: Comparison between fo 
ur samplin Sampling TP FP TN FN Specificity Sensitiv't A g methods 

- 
a 1 Y ccuracy PPV 
R ulette 662 17 663 23 97.49 96 63 NPV Fitness 
o · 97 07 9 Tournament 663 15 665 22 97.78 96.78 gzG? 75096.65 94. 
Sus 662 13 667 23 98.07 95_63 97·3

~ 97.80 96.80 94.63 
Lexicographic 667 20 660 18 97.06 97.40 9,5, 98.0896.67 94.77 

· 2 97.0897.32 95.69 

2 2 Results From GA Approach 5.. 

GA chromosome represents the kernel weights in an e . 
xpression of kernels. 

This weight could be a floating point number that indicates th k 
1 

. 
' e erne m- 

fluence in the expression, or it could be a binary number (0/1) that informs 

about the presence of the kernel or not in the expression. Two experiments 

are made using GA approach, the first is implementing the chromosome as a 

floating point numbers, the second is implementing the chromosome as set of 

binaries. The results from these two experiments is discussed in the following 

subsections. 

Floating Point Chromosome Results 

We performed this experiment to get the best weighted combination of all 

the available kernels: All the string kernels are included here. The resulted 

GA chromosome can be expressed as the following: 

01 O 0893 0.0340, 0.2325, Best chromosome: 0.1671, 0.0152, 0.0730, 0.00 , · ' · 

0.0029, 0.0269, 0.01.39, 0.3452 
. . . ht for the correspond- 

Each floating point number in this solution is a weug! 
.. mg with SVM to predict 
Ing string kernel. Applying the resulted kernel a long . 
. and non secreted protems, 
signal peptide and to distinguish between secreted . . of string 

trhted combination» 
a Population of 100 individual represented a weig b havior 
kernel d . 5 9 shows the fitness e 

s, and 150 generation was use • Figure · 

TT 
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during generations. The resulted ke 1 rnel could be . Viewed as th 
e following: 

l6.71 x K1 + 1.52 x Ko+ 7.3 x Ka+ 0 0 . 1 X K4 + 8.93 X 
93.25 x K, +0.29.x K$ +2.69x Ks 41.39 '{+3.4x K,+ 

. 9 x Ko + 34.52 K 
11 

Then the ROC analysis resulted (6.2) rom applying this kern 
gVM can be viewed in Figure 5.10. el along with 

0.,2 Best: 0.052054 Mean: 0.074227 

• Best fitness 
Q.) 
::, 0.15 

♦ Mean fitness 
«j 
» 
£$9 o 
Q) 
c::: 0.1 ~ 
LL 

0.05 
0 50 100 

Figure 5.9: Fitness behavior during the GA evolution 

0/1 Chromosome Results 

We used GA to evolve a new string kernel using another form of expression, 

the new string kernel can be viewed here as a combination of some string 

kernels, not all of them as we have seen in the previous implementation for 

the GA individual. In this experiment the individual is a string of binary 

digits ea h d; ° . · ding string kernel. ' ct ligit implies the presence of the correspon 1 

The resulted chromosome can be viewed as in the following: Best chro- 

rnosorne: 1 1 1 0 0 0 1 0 0 0 
the l' . . . h t the corresponding string 

s binary digits in this solution implies t a 
kernels . So the solution can be 

are used in the new string kernel expresswn. 
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Figure 5.10: Roe Curve resulted the GA evolved kernel 

expressed as the following: 

Newkernel = K, + Ko+ Ka + K, (5.3) 

Where K, is the Spectrum kernel, K2 is the Fixed-degree Kernel, K; is 

the Weighted-degree-position kernel and K7 is the weighted-spectrum kernel. 

The new evolved kernel was then used along with SVM to classify mammalian 

secreted proteins. The results can be seen in Figure 5.11 as a ROC analysis. 

A comparison between the GA evolved string kernel, the evolved GP 

string kernel, and the Localalignment string kernel which is the best among 

other string kernels, can be viewed in Table 5.4. 
F h GP evolved kernel is 
rom the results shown above, we can see that t e 

the b d the value of fitness. 
est among all when we look at the accuracy an 

Wt formance than Gp 
Ile the GA kernel(l) and GA kernel(2) have less per . . 

kere] k nel in accuracy, notifying 
e ' they outperforms the Localalignrnent er GA 

that · f 11 these kernel, and 
t GA kernel(l) is a weighted combination O a 
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®"a. 4"= Sp1 SO Sp_ecificity: 98.8 
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Figure 5.11: Roe Curve resulted from the second GA kernel 

20 100 

T kable 5.4: Comparison between GA kernel, GP kernel and Localalignment 

ernel Kernel TP FP TN FN Specificity Sensitivity Accuracy PPV NPV Fitness 
Local-alignment 663 22 658 22 96. 777 96. 78 96. 78 96. 79 96. 76 

94
· 
75 

GP Kernel 667 20 660 18 97.06 97.40 97.22 97.08 97.32 95.68 
GA kernel(!) 663 17 663 22 97.50 96.78 97.14 97.4996.79 94.36 
GA kernel(2) 664 16 664 21 97.64 96.93 97.29 97.6596.93 94.68 

80 
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kernel(2) is a summation of four string kernels. 

These results confirms that GP kernel is n t 1 . o on y the best of them, how- 
ever it is the only strmg kernel that has an opt. . d imze parameters. So GP 
approach in general proves that it is capable of com; ti : . peting the existing meth­ 
ods, this because it evolved the best kernel that ca 1 'f ' n ciassity the dataset, it 

optimized all parameters related to string kernel that th b . are e iasis for the 

evolved kernel, also it optimizes the SVM regularization (C) parameter . All 

this work can not be obtained from the GA method. 

5.2.3 Compare GP kernel and GA kernel with MKL 

As we talk a bout MKL in Section 3.1, as it is multiple kernel learning with 

different optimization techniques. A comparision between MKL and our 

evolved kernels: GP-kernel and GA kernels, is shown in Table 5.5. These 

Table 5.5: Comparison between MKL, GA kernel and GP kernel 
Kernel Specificity Sensitivity Accuracy PPV NPV Fitness 
MKL 96.44 97.21 96.85 96.5497.20 93.75 

GP Kernel 97.06 97.40 97.22 97.0897.32 95.68 
GA kernel(l) 97.50 96.78 97.14 97.4996.79 94.36 
GA kernel(2) 97.64 96.93 97.29 97.6596.93 94.64 

. . d GP k 1 against MKL, when it 
results shows the powerful of our optimize erne 
. GA kernels outperforms 
is measured in all performance measures. Also our 

M 
. . . ulti lied by specificity. 

KL in accuarcy, fitness which is sensitivity m JP 

5.3 Results from MHC benchmark 
. 2 is used in testing 

The MI «4ed % Section 5.1./, 
e {HC benchmark that is descn e m . bench- 

kernel on this Ive a new 
our new kernel with SVM. GP is used to evo 
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ark. However, GA is not used as in signal _. peptide experiments, 

h 1 · d , ecause 
e realize from t e s1gna pepti e prediction result th . 

w S, at GP is better th 
GA in evolving a string kernel, and more flexibl . . ·· an e in optimizing the kernels 
parameters. 

A description for the experiments that is made, ill b . ' w1 e introduced here. 
We perform an experiment on GP using 100 generation d 90 . an population 

size during the evolution process. The best ratio of the crosso t . ver o mutation 
is optimized during the GP evolution process, 80% for crossover and 20% for 

mutation. Five experiments are performed on equal size of binder and non­ 

binder data, each experiment is then made in three fold cross validation. A 

comparison of the average performance measures between our GP kernel on 

MHC and the single kernels results on MHC can be shown in table 5.6. 

From this table we can see that our evolved kernel outperforms the single 

kernels in accuracy, sensitivity and specificity, and fitness. 

Table 5.6: Average performance measure resulted from GP kernel on MHC 
Kernel Specificity Sensitivity Accuracy PPV NPV Fitness AUC 

new-evolved-Kernel 76.95 72.20 73.51 75.89 74.57 56.05 80.40 
Spectrum 67.53 66.17 66.66 67.09.66.85 45.86 71.60 

Weighted-Spectrum 69.66 67.11 67.95 68.9268.39 46.67 74.80 
20.19 52.36 62.2653.96 17.89 59.5 

Salzberg 87.74 65.39 65.5465.45 42.77 69.9 
Local-alignment 65.61 65.29 

6
1.
41 61.5161.44 38.07 65.80 

Fixed-degree 61.56 61.3} ,5.89 56.3556.55 32.48 59.00 
TOP 54.38 58.70 ,5.51 76.4559.06 24.87 68.30 

Locality-improved 91.78 26.37 ,5.17 65.6665.40 42.08 70.20 
Match-word 66.16 64.63 

68
.
84 68_6168.70 46.64 75.00 

Polymatch 68.38 69.03 
67

.
23 66_99 67_08 44.76 73.00 

Weighted-degreepos 66.69 67.47 ,5.12 69.8966.72 43.42 69.70 
Wdpos-mismatch 72.68 60.75 

1 MHC data the single kernels on 
The Roe Curves for GP-kernel, and for 

can be shown here: th powerful 
· shows e 

The MHC benchmark using, 
e experiments made on er higher perfor- 

It g. ves the ug 
of th · g kernel. 1 

e evolved kernel against other stri 
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s.4. TIME PERFORMANCE 

ce measures,for example, its area unde man€ r curve(AUC)· g 
. ke Is 0.4, while th 

ADC in the other strmg ernels does not exceed . e ec seventies. Th; · us can be ee ·i] 
concluded when we see the above ROC curves. asi Y 

So this experiments shows that the proposed t 1 . oo can discover a new ker­ 
el that is better than other string kernels about 10% Ra h . o. .t er than its ability 
to optimize kernel parameters, and to highlight the oth er powerful kernels. 

5.4 Time Performance 

The time factor in our experiments is considered to be insignificant, since 

the time needed to evolve the kernel using evolutionary approaches is off­ 

line time. It is interesting to note that the off-line time needed to generate 

the evolved kernel will not affect the subsequent time needed to train SVM, 

because the time needed to train the SVM using the evolved kernel or using 

any single kernel is the same. 

The specification of our computer that used to run the experiments is as 

the following: Dell laptop inspiron 1525, Intel Core 2 Duo, 3GB RAM. Some 

details about the time is given in the next paragraphs. 

5.4.1 Time needed to evolve the new kernel 
I f Signal Peptide bench- 
n order to produce the requested optimal kernel or g 

:. 100 generations and 150 
mark, total of 4 hours was needed, when using On the other 
Po 1 · · · f the computer. 

Pulation size, under the same condition OI ,¢ 
r d that the a total o 

hand. tc hr rk, we tour 
' 0 evolve the kernel for MHC benchmar ' 

7 hou d' · Is was needed. at the same conditions. 
' 
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TIME PERFORMANCE 
~ 

A we see that the time needed to evol ] - s ve kernel for MHC 
h 

. d d enchmark 
. 1 rger than t e time nee .e to evolve kernel £ . 
is la! or signal peptide 

1 MHC e, ecause 
the number of samp es m 'l. is 4 794, it is larger thar : 

n the signal peptide 

P
les that are 1365 sequence. And as we kn th sarn ow at the kernel matrix 

dimension is the number of samples squared. 

5,4.2 Comparison time between our evolved k 1 erne and 

other string kernels 

In our experiments we compare the classification performance of the evolved 

string kernel with performance of the single kernels, so when we compare 

the time, we would say that the time needed to train the SVM using either 

our evolved kernel or single kernels is the same. Since the kernel matrix 

dimension depends on the number of samples. Our evolved kernel is applied 

on the same number of sample, also it is a result of applying mathematical 

operations on the matrices, and as we know the summation of 2 matrices 

with the same dimension resulted in a matrix with the same dimension. 
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Conclusion and Future Work 

Chapter 6 

This thesis has proposed a novel approach that automatically generates the 

optimized string kernel. The new evolved kernel combines set of string kernels 

as an optimized expression, with optimized parameters. The proposed model 

uses two evolutionary approaches to evolve the suitable string kernel for 

biological problems, the GP approach, and the GA approach. The results 

show that the evolved kernel with SVM is capable of beating the performance 

of available methods. 

This model solves the problem of kernel selection for SVM and optimizes 

the kernel parameters and SVM regularization parameter. This model has 

the potential to discover new string kernels for particular problem. The new 
· d :reted proteins, it 

evolved kernel tested on a dataset of secreted an non-sec 

has significantly better ROC scores than other string kernels. 
1 k els that can't be 

This Tool has the ability to select the powerfu ern ' 

discovered using other tools. js: Spectrum ker 
The evolved kernel is based on ten different string kerne s. 

Top kernel, Salzbreg nel, W h . d D ee kernel, 'eighted Spectrum kernel, Fixed-i)egr .: 3 polymatch string 
kernel L . : roved kernel, o y 

» 0calAlignment kernel, Localityimp! 
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1 Match Word String kernel, Weighted D 
gernh €gree Position M; 

1 
While these kernels can be used to get d ismatch ker- 

nel gO0 results in clas 'fi . 
f h 

. s1 cation th 
bination O t em usmg our model surely ' ° corn can produce bett er results 
Our model based on GP approach and GA · approach not only p d . . ro uce 

th best string kernel from the combmation of k 1 e . · «ernels, but also it facilitates 
ernel parameter selection mission, introduces the best es parameters for each 

kernel and the best regularization parameter for SVM. 

Our experiments proves that we are able to disco . ver new strmg kernels 

that can give results either equal or more than the results fr th . om e available 

kernels. 

The new evolved kernel, outperforms the MKL that combines a set of 

kernels and optimize them using different optimization techniques. 

The results of our experiments in evolving a string kernel, shows that GP 

approach is better than GA approach. 

The experiments made on MHC benchmark, shows the powerful of the 

evolved kernel against the other string kernel. Also the results from using 

the evolved kernel with SVM in classifying MHC benchmark, is comparable 

with the recent researches results. 

The results of our evolved kernel using either GA approach or GP ap- 

h 
. d fit s was not signif­ 

proach, involves that all performance measures an nes 
icantl the fitness starts from high value and 

n Y converge. In other words, 
. . as a result of that 
Increased slightly during the generations, this can be seen 
all • · c r evolved kernel were 

I the string kernels that were used as a basis tor OU 
po . 1 'fying specific data. This 

werful kernels, each one can act well m class1 5f 
. larger number o 

Ineans that the results could be improved by considering 1dc-+» ·more data 
strir ;% 5% or consider$ 

Ing kernels to be used as a basic for combmatwn, 
Speif> s, kernels» 

®cific kernel such as physio-chemical properties 
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f the main difficulties that we faced in deve] . 
one o . . . . e opmg our model is that 

ry and speed limitations. This because the tc st; 
e memF 5Sting data was biology 

ences consists of large number of samples with 1 1 al seqU Jong length, and the 
. kernel produces a kernel matrix with a squared dim . 

string I ension of the num­ 

f amples rather than the time needed by string kernel . 
ber O 5 ' process itself. 
So another opportunity for improving this model is by enhancing the imple­ 

mentation for GP, GA or the string kernels, using algorithms enhancements 

or parallelism. 

It is still possible to improve this model by evolving the string kernel 

using other evolutionary approaches such as Particle Swarm Optimization 

(PSO) [53] and others. It could therefore be an idea to use boosting for 

combining and optimizing string kernels. 
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