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

nation with SVM outperforms the available string kernels and produces high

il



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




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-




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:

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

finding the optimal combination of predefined string kernels

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

parameters

o Exploit the effectiveness, simplicity, and robustness of the genetic al-

gorithms to perform the optimization successfully.

o 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.




1.3. THESIS ORGANIZATION

o 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.




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 2 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




2.1. KERNEL METHODS

Input space Feature space
X
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= >

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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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 R is an inner product space if there
exists a real-valued symmetric bilinear map( . , . ), that satisfies ( x, x ) >
0 [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 AT = A, that is the (3, 4) entry equals the (j, 1)
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 = BTB 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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2.1.2 Kernels Characteristics

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

embedding ¢ of the two data points

k(z, 2) = (¢(x), $(2)) (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

E:XxX—>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 ¢ 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 Fj 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 symmétric function k(.,.) satisfies the

reproducing property in a Hilbert space F' of functions

(k(z,.), f(N)p=f(),for feF (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 (¢(z),#(z)) without the need of performing the the mapping ¢(z).
Instead, it is sufficient to calculate this product directly in the input space
by computing the squared dot product between the samples (z, z)* [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 z € R2 ie., x = [z122]7, and if we choose ¢(z) = [22 V2z12, 237 iee,

there is an R? to R® mapping, then the dot product

(¢7(2), ¢(2)) = [27 V2zz2 271 V222 2
= 2222 + 23 T2 21 22 + 7121

= 2)2

10
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So K(z,2) = (z,2)* = (¢7(z), 9(2))
Interestingly, there are also other mappings accomplish the same task as

2 : ;
(z,2)” such as R? — R® mapping given by ¢(z) = [z? — 2} 2z175 2% + 73] or

R? — R* mapping given by ¢(z) = [2? 7125 7172 T3]

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 =(Kij)f’j=1 , with entries K;; = k(z;, ;) , for ij=1,. . . , £, given a
training set S= {z1, ..., z¢}.

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.

Tt 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-
ion. The kernel matrix acts as an interface between the data input

mentat

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].

O S X x
Vv © - ?;
hae, @ s = 5
v
% i 3 00
\V/

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

12
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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 k1 and k2 be kernels over X X
X, XeR,aeR" {()a real-valued function on X,¢ : X — RN with ks

a kernel over RN x RY | and B a symmetric positive semi-definite n X n

matriz. Then the following functions are kernels:

1. Summation of two kernel:

k‘(.’]?, Z) = kl(xa Z) e k‘2(fL‘, Z) (23)

13
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2. Multiplying a kernel by constant:

k(z; z)'= aki(z,z) (2.4)

3. Product of two kernels:

k(z, z) =k (z; 2)ka(z; 2) (2.5)

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

k(z,z) = f(z)f(2) (2.6)

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

k(z, z) = ka(¢(z), 6(2)) (2.7)

6. Product of 7 by z with any positive semidefinite matriz:

k(z,z) = 27 Bz (2.8)

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

tions are also kernels:

1. Product of the kernel and polynomial

k(z, z) = p(ka(z, 7)) (2.9)

14
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2. Ezponential of the kernel
k(z,z) = exp(ki(z, 2) (2.10)

3. Gaussian kernel:

k(z,z) = exp <—”—$—_—Z—”2-> (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.

15
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The derived polynomial kernel for a kernel k; is defined as

k(z, z) = p(ks(z, 2)) (2.12)

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

refers to the special case:
kd(.’I), Z) = ((iB,Z) i B)d (213)

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

parameters. The dimension of the feature space for the polynomial kernel is

n+d
d

One of the most widely used used kernels is the Gaussian kernel, it defined
by
2
k(a2 i=exp (——M> foro >0 (2.14)

202
The parameter o controls the flexibility of the kernel as the degree d in the
polynomial kernel. Small values of o 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 o 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-

16
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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

17
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p-spectrum kernel is indexed by I = Y p, with the embedding given by

¢u(s) = [{(v1,v2) : s = vyuwy}| ,u € Zp. (2.15)

The associated kernel is defined as
ko(s,t) = (¢°(5), ¢°(1)) = D #R(s)4E(2) (2.16)
u€Y P

Weighted spectrum kernel is a spectrum kernel for 1 to p — mers, where
each p — mer length is weighted by some coefficient i [51]. This kernel is

given by:

k(s,t) = Z Brdp(5)$5(t) (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 ... CCACECIE:..  TIT
Noins 2 AT ]! D)
Noint 3 (IR R R ) O

k(s,t) —< [24;..10... 3],[31...00... 1] >
=2x3+4x1+...+1x0+0x0+...+3><1

18
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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 > p, with the embedding given by

a(s) =G :u=s(@)},ue) » (2.18)

Then the fixed degree string kernel is given by:

ko(s,1) = (87(5), 8°(2)) = > $h(s)¢h(t) (2.19)
uedp

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
S ACAGATAAGTAACCCTTTGCCTGCGTA
t TGAGATAATTATTCTGGTGCCAAACTG

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 0 OF N () Tt yatl )

k(s,£) =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 > p, with the embedding given by

#() = [{G - = @)} ,ue 3p. (218)

Then the fixed degree string kernel is given by:

ko(s,8) = (87(5), (1)) = D, #(s)eh(t) (2.19)
u€Y.p

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

seg-name seq
S ACAGATAAGTAACCCTTTGCCTGCGTA
t TGAGATAATTATTCTGGTGCCAAACTG

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 0 Dasivecssiall R

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

k(s,t) = ) I(si = t:) + o) (2:20)

=0

where I is the indicator function which evaluates to 1 if its argument is
true and to 0 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

§=U(sy=A),I(s1=C),I(s1=G),I(s1=T),
I(sy=A),I(s2=C),I(s2=G),I(s2=T), - - -,

I(sy = A),I(sy =C),I(sn = G),I(sy = P

This kernel takes all correlations of matches I(s; = t;) 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, ¢=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

seg-name seq
s ACAGATAAGTAACCCTTTGCCTGCGTA
t TGAGATAATTATTCTGGTGCCAAACTG
20
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L

k(S, t) — (Z I(Si = tz) + C)d (220)

=0

.Where I is the indicator function which evaluates to 1 if its argument is
true and to 0 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

§=U(sy=A),I(s51=C),I(s1=G),I(s1=T),
I(sy=A),I(s2=C),I(s2=G),I(s2=T), - - -,

I(sy = A),I(sy =C),I(sn = G),I(sy = BT

This kernel takes all correlations of matches I(s; = t;) 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, ¢=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

seg-name seq
s ACAGATAAGTAACCCTTTGCCTGCGTA
t TGAGATAATTATTCTGGTGCCAAACTG
20
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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=1 when the two corresponding
amino acids are the same, and match=0 in the opposite case.

o h
T

A C
Match 0 0 0

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

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 dy(see equation 2.21). Here, d; and d;
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 di*. dy reflects the order of local correlations within the window is

expected to be of importance.
+e d
wing(s,t) = (Z wjmatchp+j(s,t>> (2:21)
j=—1

Here, matchp;(s,t) is 1 for matching nucleotides at position p+j and 0
otherwise. The window scores computed with win, are summed over the

whole length of the sequence. Correlations between up to d2 windows are
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Table 2.6: An indication of the match for cach d2:

quences for the polynomial kernel example: in thic (00!

the sequence is listed, and then the match-—1 i

amino acids are the same, and match=0 in (he 0! (2.22)

Nl A
Match 0 0 1 1 |
stsvsors sl ‘ indow score is a ker-

The monomials are

k(s, ) = ((0+ 017317 ion of correlations of sequence

1

nials. Thus, distant correla-
Locality Improved Kernel |. Intuitively, it is clear that this

i Tocalitymproved Lernel i . it corresponds to the application of

aal . coree dy to an intermediate space that is
sequence and counts matching i 5

: iohted polynomial map with degree d; on the
counts are raised to the power ol doq ] P & L

¢ e Locality 1 : win- =
At last, the sum is taken to the ocality Improved kernel: win-length=3,

I 1 table 2.7 and table 2.8.
are user-specified param

3 Lk Ciil o 5 . s ; 5
comparison of the Hwa seszgiences used in the example of Locality improved

(win) of length 20+ T akpre Seq
e o e ACAGATAAGTAACCCTTTGCCTGCGTA
counted, this ¢ TGAGATAATTATTCTGGTGCCAAACTG

to the center

- number of matches of different length mers in different win-
it the locality improved kernel: In this table, from window-1 to
s viewed, then the matches in 1-mers, 2-mers, 3-mers, is counted

> {wo sequences.

wing wWing wing wing ... winy
matchl 0 0 il 1 0
match2 0 1 il 1 1
match3 1 1 1 1 0
2%
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taken into account by raising the resulting sum to the power of ds.

N dz
Blsyt)r= (2 win,(s, t)> (2.22)

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 d, intra-window monomials. Thus, distant correla-
tions are taken into account by values dy > 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 d; to an intermediate space that is
defined as feature space of a weighted polynomial map with degree dy on the
input space. [65] An example of the Locality Improved kernel: win-length=3,
d;=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

seg-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-1 to
window-N is viewed, then the matches in 1-mers, 2-mers, 3-mers, is counted

among the two sequences.

wing wing wWing wing ... Winy
matchl 0 0 1 1 0
match2 0 1 1 1 s 1
match3 1 1 1 1 0
20
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wing = (0 X wy +0 X wy + 1 x w3)?

winZ:(Oxw1+1Xw2+1Xw3)2

winN——-(Oxw1+1xw2+1xw3)2

k(s,t) = (wing + wing + ... + winy)?

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:

Ky Koo ... - ka(s,t) = ST kst ka(spit) (2.23)

$=s1...5p,t=t1...tp
Where the components k1...kp consists of three different kernels [45]:

e A constant kernel kconst

o a kernel for measuring the difference between aligned letters Kaiign

o a kernel for penalizing gaps kgap

kconst(sat) =1
0,if |s| # lor|t| #1

eﬁ*S(s,t)otherwise

kalign (3’ t) = (224)

N Bla(Is+g(Ith)
gap\©
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where s and ¢ are the amino acid sequences, S(s,t) the Smith-Waterman
score, g(.) the gap penalty function, and f a scaling parameter to adjust

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

SWs g(x) is calculated as:

||

Sspt) = 2o S(oma (0, i) — &=

i=

| / (2.25)
[9(m1 (i + 1) — m1(2)) + g(ma(i + 1) — ma(i 4 1) — ma(2))]

Where 7 is the alignment between two sequences s and ¢, 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(n) (3> t) == kconst : (kalign 2 kgap)(n_l) b kalign 2 kconst

N
kLA(*S,t) = Z k‘i(sa t)

=0

(2.26)

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 ACAGATAA-—--ATTC
[ R
t A---AGAAATTGATTC

Ss(m) = S(4,4) + S(A,A) + S(T,G) +3 % S(A, A)+
ge S(T 1) s(c,C) —g(3) — g(4)

k(s t) = e:z:p(SSvs(”l)) + ... + exp((SS,g(ﬂ'N))
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Weighted Degree Position Kernel

This kernel counts the matches between two sequences s and ¢ between the
words Uy i(s) and wu,, ;(t) where

U i(S) = SiSi41--Sitw—1 for all 1 < w < d.

The parameter w denotes the order (length of the word) to be compared [43].
The weighted degree kernel is defined as

d

N—-d
k(s t) = Zl Wy Z I (U (5) = wws(t)) (2.27)

where the weighting was chosen to be wy = d — w + 1, 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 1-mers, 2-mers, 3-mers are counted respectively.

seq-name seq
S AAACAAATAAGTAACTAATCTTTTAGGAAGAACG
1mers 16 match
2mers 6 match
3mers 2 match
1 TACCTAATTATGAAATTAAATTTCAGTGTGCTGA

k(s,t) = Wi X 16 + W + W3 x 2

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

position kernel:
k(s,t) = Wsa + Ws,—a + We
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Eabl; 2.11: Two protein sequences are used in weighted degree position
ernel.

seq-name seq
s_ AAACAAATACAGTAACTAATCTTTAGTAGCAGCGAAGAAC
t 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 s and t is large if they share
many similar but not identical k-mers. For a fixed k-mer o = a1, ag, .-, Gk
with each a; a character in A, the (k, m)-pattern generated by « is the
set of all k-length sequences 8 from A that differ from o by at most m
mismatches. This set is denoted by Nk,m(e), the ‘mismatch neighborhood’
around «. 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 « is a fixed k-mer, then
¢k, m) on « is:

d(km) (@) = (5(c)) pear (2.28)

where ¢p(c) = 1 if B belongs to Nim)() and otherwise ¢p(a) =0 And the

feature map on an input sequence $ in  is defined as the sum of the feature

vectors for the k — mers in s:

DS = Do i) (2.29)

k—mersain s
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Table 2.11: Two protein sequeniey i

kernel. R
seg-name
s AMACAAATAGAGTALE Ff) T

t TACAAACAAATOT AR VG T R

Mismatch Kernel

Mismatch kernel [28] allows soine degroc of i
this allowance introduce a mor«

That is, the kernel value between f

many similar but not identical l-m: Tk
with each a; a characte:
set of all k-length seque difer o
mismatches. This set

ne mismatch are listed, then if this
around o Also Wher 802 % is'marked as 1 otherwise it is marked as 0

s, it contribUWgS IO EETAGC)Y ACA ... TAA(TCA) AAT(AAG) .. TIT
: TR 1 1 ]

all coordinat®g GREresponaie 1 . 1 1 VL]

We

11

K(s, 1) =< [10 ... 11 Al [T0SSaReE

— o] —'rO><O+...+1><1+1x1+...+1x1

{ ornel
€1

LS L JINCTL 14

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 Haussler, 1099) [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) = (fa(s), fo(®)) (231)
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Here the ¢(k,0) is the spectrum kernel feature map. The Kk m) mismatch

kernel
k(k,m) (87 t) = <¢(k,m) (8), d’(k,m) (t)> (230)

we note that K m)(z,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=1:

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
Noin s 1 () e 1 1 PR
Noin t 1 I 1 1 e |

k(s,t) = = [N R R 1],[10...11... 1]t =
=1x1+0><0+...—|—1><1+1x1+...+1><1

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 Haussler, 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,1) = (fols), fo®)) (2.31)
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where
fo(s) = (v(s, ), 0p10(s,0), .., Bpu(s, 6))T (2.32)
and
v(s,0) = log (P(y = +1|s,9)) — log(P(y = —1|s,6)) (2.33)
while

8;5v(s,0) = I(si = 5)/6; (2.34)

and hence the kernel is computed as:

k(s,t) = v(s,0)v(t,8) (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,(), which is defined as:

P(z, at pos. p in Truedata|z,-1at pos. p —1in Truedata)
2o = e P(zpat pos. p in Alldata|z,—1 at pos.p — Lin Allalata)(2 i

Where. P is the estimated probabilities derived from training set counts
7

plus pseudo counts,  is the amino acid incident at position p in the sequence

corresponding to data point X, Truedata i5: the sef of training sequences
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belongs to positive samples, and Alldata 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 odd scores sp(z) relating,
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

examples) and -1 (negative examples). Then, the classification steps of these

two sets involve mapping them using kernel function, onto high dimensional

space. Then finding the optimal hyperplane that differentiate the two classes
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2.2. SUPPORT VECTOR MACHINE (SVM)

with maximal margin.

Let z be a point in an M-dimensional vector space, it denotes a vector

with M components z;, j = 1,..., M. The notation z; will denote the "
vector in a dataset {(z;,4:)}7, , where y; is the label associated with x;, and
n is the number of examples. The objects z; are called patterns, inputs, and

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

between two vectors:

M
(e, Bl = ijxj (2.37)

A linear classifier is based on a linear discriminant function of the form
f(z) = (w,z) +b (2.38)

The function f(z) assigns scores for a point z, 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,z) = 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(z), that indicates on which side of the hyperplane a point is located,
if f(z) > 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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ure 2.3 illustrates the maximum margin classifier (SVM).

’ =
|
| H
!

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 “—;ﬂ , 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:
AR, 1 2
mmulgnze 5 llwll

subject to : yi(< w, zi > +b) > 1, (2.39)

Vi= 1.,

Minimizing ||Jw||® 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.

In practice, data are often not linearly separable; and even if they are,
b

SVM provide a greater margin that allows the classifier to misclassify some
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points, however it will generally provide better performance than the hard

margin SVM. Soft margin SVM that allows errors, introduce changing the

inequality constraints [14] [4].

Y(<w,z, >4+b) > 1-¢;, fori=1,...n (2.40)

where §; > 0 are slack variables that allow a sample to be in the margin or

misclassified. The term C Z & is added to limit the use of the slack variables,

then the soft-margin SVM equation will be as the following:

.. . 1 ) L
A lw||” +C izzlgi
subject to : yi(< w,z; > +b) > 1-&;, (2.41)

éi = 0f07‘i= 1,...,n

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

a; as in the following equation:

n n n
maximize > a; — 5 2 2 Yili% (2, T;)
& i=1 i=1j=1 (2_ 42)
n
subject to: Y Yiti = 0,0<a; <C.

=1

then the weight vector w can be expressed using the samples z; and the

solution «; as the following:

e Z Vi (2.43)

=1

All the samples z; which posses & > 0 are called support vectors, e
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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(z) = (w,¢(z)) +b (2.44)

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

Wi Z yiai¢($i) (2-45)

i=1

fle) = }T_: yic; (¢(z:), (z)) +0 (2.46)

=1

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

bz, 2:) = (9(2), () (2.47)

then the dual formulation for the discriminant function becomes useful, as

it solves the problem using the kernel function which presents a meaningful

similarity measures and can be computed efficiently (4]
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2.3 Evolutionary Approaches

Evolutionary Algorithms (EA) are stochastic optimization techniques based

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]. In 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

GA is a technique that inspired by the evolution of the biological behavior,

it is efficient and easy technique that gives the best performance in the do-

4 i ic method
main of optimization and searching. However, iz Fogaye
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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

=10

initialize P(t)

evaluate P(t)

while (not termination condition) do
begin
tt+1
select P(t) from P(t-1)
alter P(t)
evaluate P(t)

end while

end

Fitness Function

The fitness function is the most important concept in GA. It is a measure of

how much the individual is far from the best solution by giving each individ-

ual a quantitative weight, this weight determines how well an individual is

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

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

Individual Encoding
n an suitable way that enables the GA to

GA individuals can be encoded 1

behave positively during its execution. There are many formats of encoding,
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the most used one is the binary encoding. Other formats of encodings repre-

sents the individual by an array of integers or decimal 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:

e 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].

e 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].

o 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

mate by swapping segments of their codes to produce an artificial offspring.

The idea behind crossover is that the new individual may be better than

either parent if it takes the best characteristics from each of them. Crossover

occurs during evolution according to & user-defined probability. Three strate-

; : i iform Crossover.
gies of crossover including single-point, two-point, and unifor
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o Ranking Methods: all individuals in the populations are sorted from
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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
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: : i i CrOSSOVEr.
gies of crossover including single-point, wo-point, and T
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After a crossover is performed, mutation take place. This is to prevent

falling all solutions in population into 5 local optimum of solved probl
em.

Mutation changes randomly the new offspring. For binary encoding a switch-

ing few randomly chosen bits from 1 to ( of from 0 to 1

Population Size

A population is the set of individuals in one generation. Population 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 genetic programming algorithm GP [24] is a variant of evolutionary opti-

mization algorithms. It is & special case of CGA. While GA works with binary

strings, GP use trees as structure for individuals and it represents the solu-

A . : 3 d
tion as a hierarchical computer programs with dynamlcal varying sizes an

shapes. GP applies the approach of the genetic algorithm to the space of

possible computer programs A wide variety of seemingly different problems
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Diversity refers to the average distance between individuals in the population,
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The genetic algorithm stops when it reaches one of the following conditions:
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tion as a hierarchical computer programs with dynamical varying sizes and
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from many different fields can be reformulated as a search for a computer

program to solve the problem.

A simple description of a GP algorithm is given in Algorithm 2

Algorithm 2 GP basic algorithm

Initialize population with random candidate solutions

Evaluate each candidate using fitness function

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

e Roulette: Each individual owns & portion of the roulette that cor-

responds to its expected number of children then the roulette with

random pointers is spun.-
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S

Parent 0 Parent 1 Child 0 Child 1

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

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

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

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

e 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.

scription for the measures used in our experiments,

Here we introduce some de
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Parent 0 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 classt fied (2.48)
pe-Aatcs Total positives

The Positive Predictive Value (also called Precision) can be calculated as

40




m—

2.4. CLASSIFICATION PERFORMANCE MEASURES

True iositive

T&ue Negative

7 ol
False Positive 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
True Positives + FalsePositives

Precision =

(2.49)

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

Negatives incorrectly classi fied

& = 2.50

s vk Total negatives (2:50)
Also the sensitivity and specificity are associated with ROC curves,

Sensitivity = Recall (2.51)

TrueNegatives (2.52)

Specificity = FalsePositives + TrueN egatives

The most commonly used technique for evaluating classifiers Gl vigt

i ting Characteristics (ROC)
izing their performance, are the Receiver Operating

graphs.

g been used in signal detection theory to describe

ROC graphs have lon
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the tradeoff between hit rates and false alarm rates of classifiers [56] [10]
The ROC curve describes the relationship between sensitivity and speci-

ficity for a specific test as shown in the figure 2.7
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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

representing the distance from any data point to the hyperplane, i, seers
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values is calculated in our experiments accordig to the following equation:

Score = bias x ones(1, length(T Sdata)) + alphas(:, 1)’
x T'Skernel(T Rdata(1 + 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
carlier 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

imizati sin
There is continuous development in the field of kernel optimization using

still make
the different evolutionary approaches. Though most methods are

s, by finding the best combination of these

optimization for numerical kernel

kernels.
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Methastate et al. [32] introduced g family-based GP for g ting th
. enerating the
optimal kernel. They used the ES to investigate the optimal

mal parameter space.

The evolved ker‘nel Is built using the two types of operators: addition and
multiplication, while the kernel function ig one of three types of numerical
functions: linear, RBF and polynomial functiop Their tree family denotes
for a group of structurally identical trees, while their kernel tree composed
of a multi-kernel function in the form of tree structure. They introduced a
normalized structure of the kernel tree to preserve the 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 TGP 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-

mized its parameters using GP and apply it to SVM. The chromosome 1S &

tree that encodes the mathematical expression MBS g combination

simple numerical kernels (linear, polynomial, RBF, Sigmoid) and some offset
shifting coefficients, with additional parameters added to each kernel, .using
addition, multiplication, and exponential mathematical operators. Th'elr.hy-
brid model discovered the optimal expression of MK function and optimized
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3.1. NUMERICAL KERNEL EVOLUTION

its parameters, also tuned the regularizati
zation parameter ¢ Th
. I'hey called the

optimal found kernel a (eCMK
D ( ). They used the classification accuracy as a

fitness function that evaluated each individual using SVM

Howley et al. [18] introduced s technique called genetic kernel SVM

(GKSVM)’ where they used the genetic programming to evolve kernel from
basic kernels polynomial, RBF and sigmoid kernels. They create a kernel
trees composed of kernel functions, their fitness function is the training 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
genvalue . Three fitness functions were used , one of

contained any negative el

them was the training set classification error in combination with a different

tiebreaker fitness, such as the kernel tree size, sum of the support vector val-

ues,and a 3-fold cross-validation test on the training data along with tree size.

; . ES
Phienthrakul et al. [41] proposed a new classification model called GP

hybrid Kernel which satisfies Mercers

that combines GP and ES to evolve

d used in gVM, their hybrid kernel expressed as a
se ;

theorem and can be u
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I I e ] : lng Lne I'id

sub-kernel could be Polynomial or RBF. The operations used in the t
the tree are

. = e
"plus” and ”multiplication”. They used the bound of generalization error

as a fitness function for evaluating their hybrid kernel, which indicates th
) e

capacity of the machine to classify the data,

Friedrichs et al. [12] used the covariance matrix adaptation evolution
strategy (CMA-ES) to select the kernel from a parameterized kernel 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

other than evolutionary, we will mention the work of K.Crammer et al. [8] as

they constructed an accurate kernel from weighted combination of kernels us-
: ic i tation
ing boosting framework. They introduce & new algorithmic implementa

i in returnin
of the base learning algorithm for kernels, that had an influence in T g

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

Another development in the field of kernels is the use of multiple kernel
ernels

instead of a single one, that is known by multiple kernel learning problem

MKL). MKL can improve classi
( ) classifier Performance, as it was introduced by

Lanckriet et al. [25], they used semi-definite Programming in solving it. MKL
it.

problem was reformulated in many researches, one of them based on a semi

infinite linear problem (SILP) that has been proposed by Sonnenburg et al

[52], their algorithm solves the problem by iteratively solving a classical SVM
problem with a single kernel and a linear programming for which 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-

propriate hyperparameters. The different k-mers are given a new weight in

the oligo kernel because they may be more discriminative than others, then

evolve the combined weighted oligo kernel.

i Opti-
Ahn et al. [1] introduced a model called (SOSVM) Sjmultaneous Op
the feature selection and the

mization of SVM using GA, they optimized
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3.2 KERNEL PARAMBETER OPTINIzAT0p

instance selection, as well as the para;
meters of the ker i
nel function used in

SVM, using GA. They used the Gaussiap RBF as the kernel funct;
unction, and

tuned its parameter § ? and the
SVM barameter C. Their fitness function is

the prediction accuracy for the testing dataset

Chapelle et al. [6] introduced a system that automatically tunes multiple

parameters for SVMs and kernel, their model used the ides, of minimizing
some estimates of the generalization error of SVMs using a gradient descent
algorithm that improved the performance and reduced the complexity of the
solution. They perform an experiment in many applications to adjust the

parameter C in SVM, and the parameter o 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.

ted
They found the optimal feature vector among set of feature vectors extracte

al vector to train SVM in

from protein sequences, then they used this optim

ences. Their fitness was & multi objective

order to classify newly protein sequ k.
imized the classiica-
function that minimized the feature numbers and maximize

tion accuracy.
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3.3 Protein sequences predictjon

Machme.learnlng a.pproaches have been extensively used in developing meth-
ods for signal peptide prediction. Signal Peptide have an immense impact on
modern cell biology as they are responsible of the access of many proteins
to the secretory pathway. Many researchers have been interested in building
models that predicts signal peptide and their cleavage cites using the different
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
submodel and signal peptide submodel 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

recognize signal peptides and their cleavage sites, using one network to rec-

ety e
ognize the cleavage site and another network t0 distinguish between signa

al peptides. Also they develop
discriminate between cleave

r neural network based method

ed a HMM version of
peptides and non-sign
d signal pep-
SignalP in [36], this model able to

tides and uncleaved signal anchors. Anothe

[42] their method used two neural net-

was developed by Plewczynski et al.
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5.4, THESIS CONTRIBUTION

works trained on experimental data, from, Swi
Wisprot database, R
- Recently, SVM

was used intensively to solve the signa] -
Peptide prediction
problem.

Mukherjee et al. [35] used SVM tq predict Secretory signal peptides f
or

both prokaryotic and eukaryotic signal Organisms, also the dict th
. ) Yy predict their

cleavage sites. hey use two types of kernels one based upon Hammin
t I amming

distances and one based upon a similarity matrix the Percent Accepted M
: pted Mu-

tation (PAM) Matrix. The PAM 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

predict the cleavage site of signal peptides from the protein sequences. They

introduced a generalized probability kernel, and they defined their mapping

function as a probabilistic model based on coupling among three key subsites.

3.4 Thesis Contribution

evious work and up to our knowledge, DO attempts

1. We introduce an evolutio

As we see from the above pr
nary based

had been done to evolve a string kerne 0
: i Is, using two
approach that can generate and optimize novel string kerne
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lutio ar apprO&CheSa the G““ approach, and the GP ap h
1l & . proach. ThlS model
can optimize sub-kernel parameters, and SV regularization m
lon parameter, it

can be then used to classify biological sequences

Our kernel tree chromosome encodes the mathematical expression of
ion of com-

bined string kernels. We evolve more than one form of the new string k
ew string ker-

nel, some of them is a weighted sum of sub-kernels others can b
; e seen as

mathematical expression composed of string kernels combined with addition,
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
predicting signal peptide in mammalian proteins to determine whether they

- i secteted profems or not, and in predicting MHCIL peptides to dis-

tinguish between binding and non-binding peptides.
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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

Classifying
Secreted
Proteins

SVM Prediction

Evolved Kernel

Genetic Algorithm

ystem

lock Diagram of our S

Figure 4.1: General B
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.
41 Genetic Programming Approach

OQur proposed methodology uses one of the most powerful evolytj
lonary ap-

os: the GP. It is used for evolving the pew string kernel and optim;
h e : Optimizing
it parameters , then 1t is used along with Optimized SVM tq predict m
am_
makian secreted proteins.

In GP. a potential solution is a tree encoding the mathematical repre-

sentation of the evolved kernel and its parameters. The tree-based repre-

sentation m GP for our based evolved kernel_ introduces larger search space

han other represemtation ke arrays. The leaves of our trees are selected

-~ B [~ 3 -, = == 3
from & set of predefined string kernels, where the predefined string kernel is

—

2 function with two argumenis represents two sequences.

The suh-k=rnel was dhosen from a set of kemnels called Terminal Set TS.

While the tree nodes contzin clements from a set of fimctions called FS, com-

T s §'h IR

tzims the mathematica]l operations that preserves Mercer theorem and Clo-

m

3

I iy : e - o 3 (’.. - kméb
the most famons string kermel in the bicnformatics field. Our sirmg !

covars 21 types of string kernels mentionad in section 2.1.7, 25 siting kernels

= ] = - i g - hsm:[* 224 kﬁ Y 'ﬂ(h
in gemeral 2l into four mamm categories, the firsi 15 thesu g

25 Spectrun” and “Mismatdi™, the second category 1 the position depes-

5 : . s
dence kernels snch as ~Weighted Degree” , the third category s the pairwise

AFigmment”, the lsst is probability based

comparison kernel such as "Local

kernels such 25 TOP and “Fisher kemels™

41.1 Individual Encoding

. _ g ent forma-ts: wE
The GP tree can be built in differ » mathematical

kernpels, oF Pt




41 GENETIC PROGRAMMING APPRO o

il Genetic Programming Approach

Our proposed methodology uses one of the most
: powerful evolutionary ap-
proaches; the GP. It is used for evolving the new gtri
t i : string kernel and optimizing
it parameters , then it is use along with optimi
- Ptimized SVM to predict mam-
malian secreted proteins.

In GP, a potential solution i .

J S a tree encoding the mathematical repre-

ation of the evolved kernel i
sent el and its parameters. The tree-based repre-

ion in GP for our b :
sentation 1n r our based evolved kernel, introduces larger search space
than other representation like arrays. The leaves of our trees are selected
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 F'S, 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

comparison kernel such as ”Local Alignment”, the last is probability based

kernels such as TOP and ”Fisher kernels”.

4.1.1 Individual Encoding

formed our tree
The GP tree can be built in different formats, Weé have for ‘
or from a mathematical

ither from a weighted sum combination of kernels,
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expression including the plus, multiplicatiop €Xponent;
) 1l1g,

two forms of trees will be introduced ip the following syt
ubsections,

Evolve a string kernel as g weighted-sym combinatj
ation

The individual here was represented as g we; i
weighted sum combination of string
kernels, as we used only summation Operation, and we gave 3 weight para;
m_
eter for each kernel used. This weight Parameter indicates the role of each
kernel in producing the evolved kernel, Ap example of a GP potential solu-
tion is:
arky(z1...zp) + agka(T2...2y) + .. + nkn (Tn...Tm) 4y
where a; are weights, which are adjusted during the evolution of the solu

tion. k; are different kernel types and ;...z; are their corresponding param-

eters which are also selected by evolution. Figure 4.2 shows a sketch for the

weighted sum tree example.

ighted
Figure 4.2: An individual that represents a kernel tree composed of weig

E

I' .

: sum of string kernels
1

3 bination of
GP generates new string kernel by searching for the best com

itializes its population with different

Predefined string kernels. GP first in . :
string parameters, then it makes its

. 3 G
Ccombination of predefined kernels with weigh
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selection according to the fitnesg functiop which is j
) Is in

our cas
rate resulted from SVM. € the accuracy

GP then performs a crossover and mutatiop Thi
. This

i . Process is re
until an optimal kernel is found. el

Evolve a string kernel as mathematica] expression

The individual that represents our evolyeq kernel can take another form
it was formulated as mathematica] expression that contain addition, mul-,
tiplication, and exponential operations. These operations preserves closure
properties that verifies that the resulted kerne] 1s a Mercer kernel. An exam-

ple of a GP potential solution is:
ki(z1...z1) x exp(ka(z...z,) + k3(23...2y)... X kn(Tg...Tm) (4.2)

where k; are different kernel types and z;...r; are their corresponding

parameters which are also selected by evolution. Figure 4.3 shows a sketch

for the mathematical expression tree example.

athematical ex-
Figure 4.3: An individual that represents 2 kernel tree as m

Pression of string kernels
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Fitness Function

OQur fitness function is based on the validation Process of the go]
| 243 € solution. W
used one fold cross validation technique, 5 random 1/3 of 1, d e
€ data was used
for testing and the rest of data used for training SV with the resulti
esulting string

kernel. The individual has been Processed before the evaluation p
rocess.

Algorithm 3 shows the individual Processing and Algorithm 4 demonstrat
es
the fitness procedure that was used to evaluate the individyg] 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)
Sensitivit Lt (44)
vity =———— :
S ey

TN

Specificity TN+ FP (4.5)

Where TP are the correctly classified samples as positive when it is in
fact positive. TN the correctly classified samples as negative when it is in

fact negative. FP are the incorrectly classified samples as positive while it is

: ive whil
in fact negative. FN are the incorrectly classified samples as negative while

1t is in fact positive.

41.3 Population Size

r results. With a

in thi i s bette
The increased population size in this thesis show
ce more

i the solution spa:
large population size, the genetic algorithm searches e
ithm wl
thoroughly, thereby reducing the chance that the algor
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4.1.2 Fitness Function

process.
Algorithm 3 shows the individua] Processing and Algorithm 4 demonstrate
S

the fitness procedure that was used to evaluate the individya] 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)
TP

Sensitivity TP+ FN (4.4)
TN

Specificity =TNLFP (45)

Where TP are the correctly classified samples as positive when it is in
fact positive. TN the correctly classified samples as megative when 1t 15 in
fact negative. FP are the incorrectly classified samples as positive while it is

; i il
in fact negative. FN are the incorrectly classified samples as negative while

it is in fact positive.

4.1.3 Population Size
i sults. With a
The increased population size in this thesis shows better re

earches the solution space more

lar : : netic algorithm s :
ge population size, the ge gorithm will fall into a

the al
thoroughly, thereby reducing the chance L
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Algorithm 3 Individual Preprocessing
begin

1. read the individual from GP ¢4 be formulateq

2. read kernel matrices for the training anq testing data

substitute the suitable matrices.

e e

multiply each sub-kernel with itg assigned weight.

5. sum the kernel matrices.
6. produce the combined kernel.

7. go to fitness function to evaluate kernel.

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.

=

SVM prediction.
calculate performance measures.

ific tness.
multiply sensitivity by specificity to calculate fitn

o N o

send fitness value to GP for decision.

end
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Algorithm 3 Individual Preprocessing————

begin
1. read the individual from GP ¢ 1 formulated
2. read kernel matrices for the training and testing data

3. substitute the suitable matrices,

>

multiply each sub-kernel with itg assigned weight
5. sum the kernel matrices.
6. produce the combined kernel.

7. go to fitness function to evaluate kermel.

Algorithm 4 Fitness Function
begin

1. read combined kernel matrix relates o s e

2. send combined kernel to SVNL.

train SVM.

read combined kernel matiix telaies oo
SVM prediction.

calculate performance moanii:

multiply sensitivity by gpociliciy

1

P B U L R

send fitness value to (117 [oi 0l

end




used in the testing of results.

4.1.4 Crossover to Mutation Ratio

At the beginning we use a crossover fractiop of 0.5, that we give the popula-
tion the same percent of being selected for Crossover or mutation. However
a crossover fraction of 0.9 is found to be Imore appropriate for the domain o;
the work here. This fraction was optimized during the evolution process in
GP. The rest of the individuals in the population children are mutated using

the mutation function explained above.

4.1.5 Selection Criteria

The selection of parents for reproduction is done using Lezicographic 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.

41.6 Stopping Criteria

sually programmed to stop when

Generally, the evolutionary algorithms are U i
enerations, time limit,

. f
reaching one of the following: a specific mumber o &

' e con-
n our experiments, We monitor th

fitness limit, and stall time limit. I
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consider this number as a stopping criterig,

being tracked while the generations keep varying, and when this fitness val
: s value

stops to improve or change at a certain number of generations, we consid
) er

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

The individual of GA was represented as a string of ten floating point num-

bers, each number in the string represented the kernel weight. GA searches

: - 1
for the best set of weights. Then the fittest solution consists of ten kernels,

S ek is gi in the
each kernel is given the suitable weight. A sample individual is given

following example:

0.04 0.2]

06
Chromosomel - [0.1 0.30.050.030.020200

. ing example:
Then the solution of our GA would be as in the following
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K =0.1x ]\’71""03 X I\'}z+005 X k3+003 X k‘4+0 02 x k
! %5

1 ::ll'ere k; are the ten string kernels that was used tq evolve the combineg

Bach individual was evaluated using the fitpesg function, after it was
processed to produce the kernel matrix. Then the kernel matrix was used g
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

In this type of representation the GA individual is a binary string consists
of ten digits, each digit implies the presence of a kernel in the solution. Zero

digit in the ** location means that the k; is not included in the resulted
indivi is given in
kernel, one digit means that it is included. A sample individual is giv

the following example:

Chromosemel e L0000 101]
i le:
Then the solution would be as in the following examp

(47)

B = oy i
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/

4.3 Implementation
For implementation of GP, we ugeq the G
) PLAB libray
y [49], MATLAB envi-

ronment [30] under LINUX for GA_ Shogun toolhoy [51]
Was used for SVM

and kernel implementation.
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Chapter 5

Experiments and Resuylts

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 inﬁroduce 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

ion is i al time
other single string kernels in classification 1s introduced, and the actu

needed to evolve the kernel is also introduced.
Evaluation of the performance is based on the ROC scores that the clas-
sifiers achieve on predicting the signal peptide problem and predicting fthe
MHC problem. We present the comparative results based on dl.ffer.ent pe.r:r;
mance measures such as classification accuracy; sensitivity, specificity,positV:

ot NPV).
Predictive value(PPV), negative predictive value ( )
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51 BENCHMARK DATA
5.1 Benchmark daty

Two benchmark datasets are used: the signal peptideg and the Mg
. € MHC bindin
peptides. The first benchmark dataset are g set of protein g 1 ;
| : : Signal peptides
that is used to train the SVM using oy evolved kernel, thep t be ab
) 0 be able to

classify a protein sequence as a secreted protein or non-secreted protein. The
second benchmark dataset are a set of My Peptides that is used to traip
the SVM along with the new evolved kernel to distinguish binder 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

specific chemical properties [22]. A description for these two bench marks is

introduced here.

5.1.1 Signal Peptide benchmark

i i directs
Signal peptide is a short (3-60 amino acids long) sequence chain that dire

sequence that targets pro

such as mitochondria,

teins that
the transport of a protein. It is the pre-

are produced in the cytoplasm to other organelles,

through the secretory pathway [22]. Signal se-

chloroplasts and apicoplasts, -
nal part in the protein

and cleaved off
quence is often located in the N-termi
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1. BENCHMARK DATA

Figure 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-

ificati . So pattern
terizations do not provide an accurate enough classification rule. S0 p

i ince there exists a
Tecognition algorithms are appropriate for this problem since ;
ich discriminate
large set of examples from which to infer a set of rules whic

signal peptides.
t benchmark to evaluate our

creted proteins from

between two patterns, signal peptides vs. 10T~
We use mammalian proteins to be our firs

i jating sé
lew evolved kernel along with SVM, by differentiating
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protein sequence label
MMKILVCLPLLTLYAGCVY =
MMSAMKTEFLCVLLLCGAvg}rggg?ﬁ{RL ;
MAVWLAQWLGPI..LLVSLWGLLAPASLLRRR 1
MHTGGETSACKPSSVRLAPSFSFHAAGLRL :
MLRTESCRPRSPAGQVAAASPLLLLLLL?: |
MLGTVKMEGHETSDWNSYYADTQEAYSSVP :
MNDFGIKNMDQVAPVANSYRGTLKRQPAFD ;
MRIHYLLFALLFLFLVPVPGHGGIINTLQK .
MKPWAVGLGPPPPAVPLLLLLLLGAALVRA i
MNRSRQVTCVAWVRCGVAKETPDKVELSKE -1

non secreted proteins.

form the i .

We perior experiments on the database of proteins used by Lezheng
ot al [63]. A total qumber of 1365 mammalian proteins are selected:

635 are secreted proteins and 680 are non-secreted proteins. Each sample is
taken from the first 30 amino acids of the protein. An example of the signal

peptide sequences is given here:

51.2 MHC benchmark

Major Histocompatibility Complex (MHC) molecules, are active component
to the development of the jmmune 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 5.9 illustrates the binding and

non-binding peptides, the binding peptides are recognized DY the immune

system, while non-binding ones are not recognized-
i ] in bioin-
Prediction of peptideMHC binding, represents an jmportant g3t}

with our evolved kernel t0 classify

formatics, so we use MHC penchmark data

binder peptides from non-binder one’s USIBG S he data
HCII 2.2 serven the da
Th : .« taken from the NetM
e peptide dataset is t2%€ | example of MHCII

used in our experiments 18 pRB1#0101 datasets [20].
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protein se
e quence
MMSAMKT;};II:I&'\I‘,LYAGCVYGIATGNPV
e LLLCGAVFTSPSQETSRL 1
PLLLVSLWGLLAPASLL\};RR :
RL

label

MHTGGETSACK
MLRTESCRPRSiiiVRLAPSFSFHAAGLQM :
Soss QVAAASPLLLLLLLL -1
el SDWNSYYADTQEAYSSVA 1
MRIHYLLFALCLQ‘\FI"APVANSYRGTLKRQPAF; i
B ra LFLVPVPGHGGIINTLQK i
i iCet PPAVPLLLLLLLGAALVR 1
AWRCGVAKETPDKVELSK% 11

non secreted proteins.

We perform the e 1 y n
xXpe
periments on the database of protei
ins used by Lezhe
g

et al [63]- A total num mammalian
] ber of 1365 mammalian protei
e ' ins are selected:
are secreted proteins and 680 are non-secreted protein Each samp
taken from the o
rst 30 amino acids of the protein. An exar 1 ?
fi mple of the signal

peptide sequences is given here:

51.2 MHC benchmark

Major Histoco
mpatibility Complex (MHC) molecules, are active component

to the develo
pment of the immune response to pathogens [5]. These molecules

act as recepto pt
ptors for peptides (short sequence of amino acids) derived from

foreign anti
igens as well as self peptides and enable the long-term display

of antige
gens on the cell surface [15]. Figwe 5.9 illustrates the binding and

non-binding peptides, the binding peptides are recognized by the immune
system, while non-binding ones are not recognized.
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protein sequence

MMKILVCLPLLTLYAGG =L
MMSAMKTEFLCVLLLCGX\Ylg'iggggE¥§RL ;
MAVWLAQWLGPLLLVSLWGLLAPASLLRRR 1
MHTGGETSACKPSSVRLAPSFSFHAAGLRL :
MLRTESCRPRSPAGQVAAASPLLLLLLLIQ.PAII .
MLGTVKMEGHETSDWNSYYADTQEAYSSVP 1
MNDFGIKNMDQVAPVANSYRGTLKRQPAFD i
MRIHYLLFALLFLFLVPVPGHGGI INTLQK |
MKPWAVGLGPPPPAVPLLLLLLLGAALVRA i

MNRSRQVTCVAWVRCGVAKETPDKVELSKE

non secreted proteins.

We perform the experiments on the database of proteins used by Lezheng

et al [63]. A total number of 1365 mammalian proteins are Selected:
685 are secreted proteins and 680 are non-secreted proteins. Each sample is
taken from the first 30 amino acids of the protein. An 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 5.9 illustrates the binding and

non-binding peptides, the binding peptides are recognized by the immune

System, while non-binding ones are not recognized.
i t goal in bioin-
Prediction of peptideMHC binding; represents an jmportant & f
: ] to classity
formatics, so we use MHC benchmark data with our evolved kerne

binder peptides from non-binder one’s using SVM.

I 2.2 server, the data

; : the NetMHCI
The peptide dataset is taken from ple of MHCII

. An exam
Used in our experiments is DRB1*0101 datasets [20]. An
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MHCII Peptides
P

Binding:
Recognized by
mune system)|

=

(_) ,A, AT \ Non-Binding:

3 p{Not recognized
by immune
system

Figure 5.2: MHCII binding and non-binding peptides, the short se e
shown are labeled as (+) or (-), the positive peptides are binded to%\/ﬂ?glzi
and they are recognized by the immune system, while the negative ones are
not binded, and so not recognized by immune system

MHC sequence  label

AAEWVLAYMLFTKFF 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

Two i hes: the GP, and the G
evolutionary approache nts that are made,

L erime
kernel on this benchmark. A description for the exp

Will be introduced here.
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5.2.1 Results From GP APPI‘Oach

GP is used to evolve the new string kerne] by making ty
0 main

3 . a% 3 experjm
the first implements the GP individual as a weighted gy o
m expr

: : ession of ker-
nels, the second implements the individual ag 4 mathematica]
. expression of

kernels. In both experiments, we use different sampling methods d diff
, and differ-

ent probabilities of crossover and mutations, I the following paragraphs th
rapns the

results is discussed.

GP experiment with a weighted-sum individua]

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 ’Lezicographic 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

i d Figure
generations growth, Figure 5.4 depicts the structural complexity, and ¥1g4

5.5 is the resulted kernel tree.
ing kernels:
The individual of GP is a kernel tree composed of ten string

1. Spectrum kernel
2. Weighted Spectrum kernel

3. Fixed-Degree kernel
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Population diversity

O
" Uniquegen: 72
m s
>
.:a:
@70
B
S
=L
2
53 [ v
m . L J
0 50 100 150

generation
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.

Structural complexity

GO

z maximum depth: 6
© | * - bestsofar depth: 6
i [e- @+ bestsofer size: 11

50 W ......................

P11} RETRCRPTTPRIR PR P R TICRLTITL
2
>
§ 30 - ...................................................
20 H .
=3 : 3
5 |
o g
@ [+
O e e s (PR Lai SRR PYA PR REERRE AL Ao
g zn? .............................................
=

&
b

generation

is illustrated
Figure 5.4: The structural complexity Of = beStt}(i:OIllei:llbfreZ; s;lodes is 11,
in this figure, the depth of the best tree 15 6, and ) produces the
these numbers shows a small number of nodes(

best performance.
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Plus
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K9 6.31%
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K11 10.57%
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Plus

e
ot RAN

A

5.40%

.

2497% K7 10.84%

gigure 5.5: Resulted Kernel Tree, where K1: Spectr
pectrum Kernel, K9: Salzberg Kernel, K11: Loca.

um Kernel, KT Weighted
1Alignment Kernel
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4. TOP kernel

5. Salzbreg kernel

6. LocalAlignment kernel

7. Localityimproved kernel
8. Polymatch string kernel

9. Match Word String kernel

10. Weighted Degree Position Mismatch kernel.

Each kernel was assigned a weighting parameter that indicates its effect 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.

i ing the
Table 5.1 shows the performance measures that obtained when using
of each kernel

new kernel along with SVM compared with the performance

d for testing and comparing the

alone. Three-fold cross validation is use
C analysis)-

matically evolve the

forms the SVM

fesults. (Figure 5.6 and Figure 5.7 shows the RO
to
This results show the ability of our model to au

& & h Outper
Sitable kernel with its optimized parameters e
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Table 5.1: Results: Comparison of oy new ey

" ; olv .
experiments uSIng different performance measureesd Kernel with single kerne]
Kernel TP FP TNFN Spec Sens Accuracy PPV NP
VF

Spectrum 662 33 647 23 95.1¢ 9g.
Weighfed-Spectrum 658 46 634 27 93 90 gﬁ'gg gi.gg 35.2596.55 93.55 987
Salzberg 641 68 612 44 89.95 0355 o1 g0 oo 09990 0145 g4

ocal-alignment 663 22 658 22 96.77796.78 or.
LFixed-degree 629 61 619 56 91.03 91.82 gig 3?‘1296‘76 475 991
TOP 506237443179 65.32 73.89 69 59 68'2221'67 3484 979
Locality-improved 673257423 12 62.00 98.95 80,9 72'369;.25 P AL
Match-word 652125555 33 81.57 95.29 88.43 83.91 94'31); 866 95.9
Polymatch 650 55 625 35 91.89 9488 9341 39004 s Z(S)AO =
Weighted-degreepos 655 36 644 30 94.73 9550 951 94755 o7 go'?6 i
Wdpos-mismatch 637 40 640 48 94.17 92.99 9355 04 1693 06 oy o
New-Evolved-Kernel 667 20 660 18 97.06 97.40 9722 97097 39

Table 5.2: Kernel Parameters
Optimized-Parameter Spectrum Weighted-Spectrum Salzberg LocalAlignment

Weight-Parameter  41.926% 41.204% 6.305% 10.565%
Kernel-Parameters k=2 k=2 degree=3  No kernel parameter
gap=1 gap=0 gap=2
usesign=0 usesign=0 pos-prior=1e-1

neg-prior=1e-1

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%.

kernel
Here we should have a seen on the kernel tree to see the effect of each

el presents
on the new evolved kernel , the weighting parameter of each kernel p

this effect.

er for each kernel, and shows the

Table 5.2 shows the weighting paramet
d them. Spectrum ker-

different kernel parameters that our method optimize e
articipates wit

dSpectrum kernel p

o Participates with 41.926%, Weighte |
LocalAlignme

% nt kernel
41'204%, Salzberg kernel participates with 6.30570,
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pates with 10.565%.

partici I spite of the Power of ¢

he Locajay;
' 1gnm
string kernel alone, it does not take g big role in our co gnment

mb

: ined kernel, A},
our model optimized the SVM barameter C, it tuned thjg

Parameter tq 1,
=100 that gives the best performance,

gxperiment with mathematical eXpression individya]g

The individual of the GP here was a, mathematica] €Xpression that preserveg
the closure properties. A set of mathematica] functions that preserves the
closure properties can be used such as Summation, multiplication, exponen-
tial and others. However not all of them could be used i 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:

el
Ky x 72.6 + K3 x 25.2 4 K11 X 2.2 (5.1)

, ition kernel,
Where K is the Spectrum kernel, K3 is the Weighted-degree-post
and Ky, is the Localalignment kernel. y GP to

b

: . opulat
be the best ratio. 150 generations and a pop o L

ith SV
&volve the kernel. The evolved kernel was used with

o e 5.8 .
. wwed in Figuré
DTOteinS’ and the resulted ROC curve call be viewe
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[ (| Sensitiviy 9 4 "
| | Specificty. 96 3 :
80_— Criterion: 0,028
AUC:98.8
£ e
o=
= i
g 40
20[
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0 20 40 60 8o 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

ing the evolution-
There are different sampling methods that can be used during the €

ween four sampling

: t
ary process, Table 5.3 shows the comparison results be |
generatlons

m ; ing 150
ethods, when we used a crossover fraction of 0.8, and using
arsimony

icographic P
o0 100 population size. The results shows that the Lexicog 5
i thi Jution pro :
Pressure method is the best sampling method in this év0
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Table 5.3: Comparison between B f
Saopling TP FP TN TN Specificity Sensitry iy 2 = method

Roulette 662 17 663 239749 5553 gcuracy PPV NPV Fitnes
t 663 15 665 22  97.78 96.78 9§§§ 27-5096.65 943

‘ 29 97.8096.80 g4

. 4.6
37.36 98.08 96.67 94,73
722 97.0897.39 95.68

Tournamen
Sus 662 13 667 23  98.07 96.63

Lexicographic 667 20 660 18 97.06 g7 4

59.2 Results From GA Approach

GA chromosome represents the kernel weights in ap expression of kernels
This weight could be a floating point number, that indicates the kerne in-'
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:

Best chromosome: 0.1671, 0.0152, 0.0730, 0.0001, 0.08%3, 0.0340, 0.2325,

0.0029, 0.0269, 0.0139, 0.3452
weight for the correspond-

SVM to predict

proteins,

Each floating point number in this solution is a
g string kernel. Applying the resulted kernel a long with

' ecreted
812l peptide and to distinguish between secreted and non s .-
: bination of St
“Population of 100 individual represented a weighted com ‘
he fitness behavior

; t
kemds’ and 150 generation was used. Figure 5.0 80T

T
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during generations. The
resulted kerng] could b
€ Vieweq
as the fo]]
OWing:

16.71><K1+1.52xK
g+
23,95 x K7 +0.29 o
95 x K7 +0.29 X Kg +2.69 x Ky +1.39 $FBIX K434y g
99X Kip+3 | £
452 x K
1

(5.2)

Then the ROC analysi
ysi
s resulted from applyin
g this kerp
el along w;
g with

gVM can be viewed in Figure 5.10

B N
est. 0.052054 Mean: 0.074227

0.2
. ®  Best fithe
2 0.15 y %
5 Mean fitness
: b
{umgﬁw:nn.u.
50 100

g 5

0
/1 Chromosome Results

We used
€ GA to evi
evolve a W i
ne strlng kernel using another fOI'IIl Of expression

1

h

the G A .
lndiVidual o
ot . In this experiment the individual is a string of binary
; igit impli
git implies the presence of the corresponding string kernel.

as in the following: Best chro-

Th
€ resu
lted chromosome can be viewed

o
Some: 1110001000

the 1’g b; es that the corre e
s binary digits i on 1mp
ry digits in this soluti implies that the corresp ing st

ker
Bels ay
e u : y
sed in the new string kernel expression- So the solution can be
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Figure 5.10: Roc Curve resulted the GA evolved kernel

expressed as the following:
Newkernel = K1 + Ko + K3 + Ky (5.3)

Where K is the Spectrum kernel, K, is the Fixed-degree Kernel, K3 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

a ROC analysis.
evolved GP

secreted proteins. The results can be seen in Figure 5.11 a3

A comparison between the GA evolved string kernel, the

; 3 :
string kernel, and the Localalignment string kernel which is the best amo g

Other string kernels, can be viewed in Table 5.4

d kernel is
From the results shown above, we can Se€ that the GP evolve

) of fitness.
the best among all when we look at the accuracy and the value

have less performance than GP

rnel, a’nd GA

While the GA kernel(1) and GA kernel(2)
in ac
kerne] they outperforms the Localalignment kernel in @

: se ke
that GA kernel(l) is a weighted combination of all the
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Figure 5.11: Roc Curve resulted from the second GA kernel

ignment
Table 5.4: Comparison between GA kernel, GP kernel and Localalign

kernel

— PV Fitness

Kernel TP FP TN FN Specificity Sensitivity Acc;;astcy ;’:;g 26.76 S

Local-alignment 663 22 658 22 96.777 96.78 37-22 07089732 95.68
GP Kerncl 667 20 660 18 97.00 97'42 o714 97.4996.79 94.36
GA kernel(1) 663 17 663 22 97.50 96';3 97.29 97.65 96.93 94.64
GA kernel(2) 664 16 664 21 ~ 97.64 96.
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" rpel(2) is @ summation of four string kernels

These results confirms that GP kernel is not only the best of th

over it is the only string kernel that has an optimized parametersems, hoGw-
4D roach in general proves that it is capable of competing the existi;lg Iiet:
ods, this because it evolved the best kernel that can classify the dataset i';
optimized all parameters related to string kernel that are the basis for ’;he
evolved kernel, also it optimizes the SVM regularization parameter (C). All

this work can not be obtained from the GA method.

59.3 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 06.85 96.5497.20 93.75
GP Kernel 97.06 97.40 97.22 97.0897.32 95.68
GA kernel(1) 97.50 96.78 97.14 97.4996.79 94.36
GA kernel(2) 97.64 96.93 97.29 97.65 06.93 94.64

results shows the powerful of our optimized GP kernel against MKL, when 1

. els outperforms
1s measured in all performance measures. Also our GA kernt p

ook 20 ificity.
MKL in accuarcy, fitness which is sensitivity multiplied by spect ¥

5.3 Results from MHC penchmark

1 is used testing
he MHC benchmark that is described 1 Gection 5.1.2; 18 | ;
new kernel on this benc

O new kernel with SVM. GP is used to evolve &
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5, RESULTS FROM MHC BENCHMARK
=

ark, However, GA.is 1ot used as in signa] pepyig

e realize from the signal peptide prediction e et :(periments, hetause
GA in evolving a string kernel, and more flexible il’,l 0 it GP 's better than
parameters. phmizing the kernels
A description for the experiments that is made, will be int

We perform an experiment on GP using 100 generation a:dI:OduCed he.re.
<ize during the evolution process. The best ratio of the crossover tzopulatfon
s optimized during the GP evolution process, 80% for crossover an(:Iln :(:;m; n
mutation. Five experiments are performed on equal size of binder and :ozr
pinder 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 7351 75.8974.57 56.05 80.40
Spectrum 67.53 66.17 66.66 67.0966.85 45.86 71.60
Weighted-Spectrum  69.66 67.11 67.95 68.9268.39 46.67 74.80
Salzberg 87.74 0019  52.36 62.2653.96 17.89 595

B laligpent - 6561 6520 - GBED (bt 42.77 69.9

Fixed-degree 61.56 61.31 61.41 61.5161.44 38.07 65.80
56.89 56.3556.59 32.48 59.00

TOP 54.38 58.73
Locality-improved ~ 91.78 26.37  55.51 T76.45 59.06 24.87 68.30
Match-word 66.16 64.63 65.17 65.6665.40 42.08 70.20
Polymatch 68.38 69.03  68.84 6861 68.70 46.64 75.00

Weighted-de G747 6723 660967.08 4L 73.00
e : 60,80 66.72 43.42 69.70

Wdpos-mismatch ~ 72.68 60.75  65.12

- dat
The Roc Curves for GP-kernel, and for the single kernels on MHC data

¢an be shown h
ere:
shows the powerful

The experiments made on MHC benchmark using,
g kernel. It gives

: for-
of : the higher P&
the evolved kernel against other strin

82




Score
100F
80|
- :eml"lkmy 729
:Z‘ 60f Chterion_> 00016
’2 N AUC=80.4
o 40F
2 ;
20}
of N
0 20 40 60 80 100
100-Specificity
(a) GP evolved kernel
Score
100F
80|
% 60 Sersiy 628
= ¢ Specificity 60.8
2 E Criterion ->-0.0264 |
1 TAUC65.8
20}
o L 1 1 1
0O 20 40 60 80 100
100-Specificity

(c) Fixeddegree kernel

score

Score

100;\
80[
E 60} : p
- N nsit
2 [ Specicy 703
& 40F Crlterion : >0.1858
! AUCTLG
20 ‘
0 ., : ‘ : : |
0 20 40 60 8 100
100-Specificity

(b) SpeCtl‘um kernel

score
100F
80|
z oof /ey
Z% [ Criterion - >0.1207 |
§ a0f AUCT30
20:—
0 i L 1 1 1
0 20 40 60 80 100
100-Specificity

(d) Weighteddegreeposition kernel

score

100

721

80

60}-

Sensitivity

40:-

, AUC:68.3

Sensitvty. 64.8
Specificty: 630
Criterion : >0.0111

100F
80f

60}

Sensitivity

LB SR

40

g

20

0 20 40 60 80 100

0

20 40 60 80 100

100-Specificity

(e) Localityimproved kernel

HC.

Figure 5.12: Roc Curves resulted fro Ll o
(Ii;gree, Weighteddegreeposition, Localitylmprov=s

100-Specificity
(f) MachWord kernel
Fixed-

d, Spectrum
g nels on

-evol
m the GP-évo Ma,tchword i

83




53 RESULTS FROM MHC BENCHM ARK

score
100}
i 100 *
80| ; i
- Sensitvily 730 e £
z eok Specificity: 64.5 ; .
! - Criterion : >-0.0729 | E’ 60/~ ggzmmy 608
: 5 ’ s 3 incity. 67.
& ok AUCT5.0 g ! Cheton” 00057
) - & 40F AUC:74.8
20f ! :
i 2t
oH 1 ! 1 i P 0 ! i
0 20 40 60 80 100 - . : ! L
100-Specificity 0 20 40 60 80 100
100-Specificity
(a) Poymatch kernel (b) WeightedSpectrum kernel
Scote score
100F 100F
80f 80f
g 80f g £ 6of
i s | | 1|
;&; 40F 3 Crleron: »-0.0095 & 40k sensw 450
: AUCS0.0 » - SpecHicity: 69.1
i 59. i +|crterion 503056 |
20F 201 AUCS9.5
0 L 1 L 1 0 1 1 1 1
0 20 40 60 80 100 0 20 40 60 80 100

100-Specificity
(c) TOP kernel

score

100F
so}

605-

Sensitivity

40:

20:

Sensiivity: 76.8

specificty: 587
Criterion - >0.0661

0

20

40 60 80

100-Specificity

100

(e) Weighteddposmismatchkernel

Figure 5.13: Roc Curves resulted
TOP, Salzberg, Weighteddposmismat

from the poly™
ch, Localalign

84

100-Specificity

(d) Salzberg kernel

score

100F

Sensitivity

8o}
60
40}

20}

(f) Localalignment kernel

atch, WeightedSpectrum,
ment kernels on HC.




_y TIME PERFORMANCE

ance measures,for example, its area under AT

: ) is 80.4 :
AUC D the other string kernels does not exceed el » While the
+ L1 can be egqj]
y

. oncluded when we see the above ROC curves.

o this experiments shows that the proposed too] can discov
€T a new ker-

20l that is better than other string kernels about, 10%, Rather than its abj]
1ts ability

to optimize kernel parameters, and to highlight the other powerful kernel
nels.

54 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.

54.1 Time needed to evolve the new kernel

al Peptide bench-

i d 150
n using 100 generations an

On the other

In order to produce the requested optimal Kkernel for Sign

mark, total of 4 hours was needed, whe
e Computer-

t the a total of

Population size, under the same condition of th

"hours was needed, at the same conditions.
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As we see that the time needed to evolye kernel for iy
. C benchyy
is larger than the time needed to evolve kerpg] for signa] e ark
. % p 1 e, becau
(e number of samples in MHC is 4794, it is larger than the g 1 se
1gnal peptide

qmples that are 1365 sequence. And as we know that the kerpe
nel matrix

Jimension is the number of samples squared.

5.4.2 Comparison time between our evolved kernel and

other string kernels

[n 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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Chapter 6

Conclusion and Future W
ork

This thesis has pro
posed
. a novel approach that automaticall
imized stri 1ca.
‘ ing kernel. The new evolved kernel combi Yy generates the
as an optimized expre 2 ; mbines set of string k
uses t pression, with optimized parameters. Th S
es two evolutionar . The proposed mod
S Leical y approaches to evolve the suitable stri d
gica. problems string kernel fi
. . the GP approach, and the GA approach. T or
ow that the evolved : ach. The results
| kernel with SVM is capable of beati
of available methods Ing e PRIORING
This model
solve
s the problem of kernel selection for SVM and optimizes

the kernel
paramet
ers and SVM regularization parameter. This model has

the potenti
tial to di 3
iscover new string kernels for particular problem. The new

evolved ke
rnel test
ed on a dataset of secreted and non-secreted proteins, it

has sign
gnificantl
y better ROC scores than other string kernels.

werful kernels,

This o
ol has th ili
the ability to select the po that can’t be

diSCQ
vered using other tools.
ifferent string kernels: Spectrum ker-

kernel, TOP kern
kernel, Polymat

The
evolved kernel is based on ten d
el, Salzbreg

ne17 Wel
ghted Spectrum kernel, Fixed-Degree
ch string

kerne]
) LO 0
calAlignment kernel, Localityimproved
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kern!

el Match Word String kernel, Weighteq Degree Bt :
nel. While these kernels can be used to get el N inoclll M'lsma'?ch ker-
combination of them using our model surely can proyce be:::iﬁcatlon, the

Our model based on GP approach and GA approach not 0;:2:2

N . . Oduce
the best StTing kernel fr.om th‘e combination of kernels, but also it facilitates
kernel parameter selection mission, introduces the best parameters for each
rernel and the best regularization parameter for SVM.

Our experiments proves that we are able to discover new string kernels
that can give results either equal or more than the results from the 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-

) . 'f_
proach, involves that all performance measures and fitness was not sighl

s starts from high value

n as a result of that

: and
icantly converge. In other words, the fitnes

increased slightly during the generations, this can be see

asis for our evolved kernel were

all the string kernels that were used as 2 b Thi

ifyi 6. data. 1hS

Powerful kernels, each one can act well in classifying specific o
iderl er number 0

eans that the results could be improved by considering larg i
or considering more d2

st A -
fng kernels to be used as a basic for combination;

Specific kernel such as physio-chemical properties kernels-
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One of the main difﬁ.cu?ties.. that we faced ip developing Our mode] s g5
(e memory and sp.eed limitations. This because the testing data, yag biolog.
ol sequences consists of large number of samples witp, long length, ang ¢},
string kernel produces a kernel matrix with a squared dimension of tpe num-
per of samples, rather than the time needed by string kernel procesg itself.
§o another opportunity for improving this model is by enhancing the imple-
pentation 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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