A Study on Cancer Diagnostic System Using a Fusion
Method based on Genetic Algorithm and Support Vector
Machine
(GAS SVMe] 243 Fusion Method& °] &3 ¢
AgA 2o B A7)

3¢ (Ha-Nam Nguyen)! #74(Gyoo-Suck Choi)?)

Abstract

Proteome patterns reflect the underlying pathological state of a human organ. It is believed
that the anomalies or diseases of human organs are identified by the analysis of the pattern.
There are many ways to analysis these patterns. <Z&&> (colon cancer and leukemia dataset)
indicates that the proposed method shows better classification performance and more stable
results than other single kernel functions.
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1. Introduction

Support vector machine [1-6] (SVM) is a
learning method that uses a hypothesis space
of linear functions in a high dimensional
feature space. This learning strategy,
introduced by Vapnik [2], is a principled and
powerful method. In the simplest and linear
form, a SVM is the hyperplane that
separates a set of positive samples from a
set of negative samples with the largest
margin. The margin is defined by the
distance between the hyperplanes supporting
the nearest positive and negative samples.
The output formula of a linear case is

y=w-x-b, (1
where w is a normal vector to the
hyperplane and x is an input vector. The
separating hyperplane is the plane y = 0 and
two supporting hyperplanes parallel to it
with equal distances are

H:y=w-x-b=+]

H,:y=w-x-b=-1 (2)

Thus, the margin M is defined as
M=2/|wl| (3)

In order to find the optimal separating
hyperplane having a maximal margin, a
learning machine should minimize |lwl|
subject to inequality constraints. This is a
classic nonlinear optimization problem with
inequality  constraints. An
problem, which can be solved by the saddle

point of the Lagrange function, is following

optimization

N
L(w,b,ax) = %wTw— S o, (W x+5]-1)
i=1

@

where i 0 are Lagrange multipliers.
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[Fig. 1]An input space can be transformed
into a linearly separable feature space by an
appropriate kernel function

However, the limitation of
computationalpower of linear learning
machines was highlighted in the 1960s by
Minsky and Papert [7]. It can be easily
recognized that real-world applications
require more extensive and flexible
hypothesis space than linear functions. Such
a limitation can be overcome by multilayer
neural networks proposed by Rumelhart,
Hinton and William [3]. Kemel function also
offers an alternative solution by projecting
the data into high dimensional feature space
to increase the computational power of linear
learning machines. Non-linear mapping from
input space to high dimensional feature
space can be implicitly performed by an
appropriate kernel function (see [Fig. 1]).
One of the advantages of the kernel method
is that a learning algorithm can be exploited
to obtain the specifics of application area,
which simply can be encoded into the
structure of an appropriate kernel function.
One of the interesting characteristics on
kernel functions, is that a new Kkernel
function can be created by combining a set
of kernel functions with the operators such
as addition or multiplication operators [1].

Genetic algorithm [8-10] is an optimization
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algorithms based on the mechanism of
natural genetic procedure. Most of genetic
algorithms share a common conceptual base
of simulating the evolution of individual
structures via the processes of selection,
mutation, and reproduction. In each
generation, a new population is selected
based on the fitness values representing the
performances of the individuals belonging to
the generation, and some individuals of the
population are given the chance to undergo
alterations by means of crossover and
mutation to form new individuals. In this
way, GA performs a multi-directional search
by maintaining a population of potential
solutions and encourages the formation and
the exchange of information among different
directions. EAs are generally applied to the
problems with a large search space. They
are different from random algorithms since
they combine the elements of directed and
stochastic search. Furthermore, GA is also
known to be more robust than directed
search methods.

Recently, several researches have been
working on GA/SVM to
performance of classification. Some of them
use GA to optimize the number of selected
features that are evaluated by classifiers [13,
14] and the best recognition rate of 80%
was achieved in case of colon dataset. Other
approach used GA to optimize the ensemble
of multiple

improve the

classifiers to improve the
performance of classification [15].

In this paper, we propose a new Kkernel
function combining a set of simple kernel
functions for SVM and a method to train
the combined kernel function. In the new
learning method, GA is exploited to derive

the optimal decision model for the

classification of patterns, which consists of
the optimal set of features and parameters of
combined kernel function. The new method
was applied to the classification of proteome
patterns for the identification of breast
cancer, which are extracted from actual
clinical samples. Thecombined kernel function
and the learning method showed faster
convergence and better classification rate
than individual kernel functions.

This paper is organized as follows. In
section 2, our new combined kernel and its
learning method are presented in detail. In
section 3, we compare the performances of
combined kernel functions and other
individual kernel functions by the
experiments with the classification of the
datasets of colon cancer dataset, leukemia
dataset and proteome pattern samples of
stomach cancer. Finally, section 4 is our
conclusion.

2.The Proposed Learning Method
2.10verall Structure

The proposed method is depicted in [Fig. 2]
Our method consists of preprocessing,
learning, and classification phase.

Firstly, in the preprocessing stage, training
and testing sets consisting of a number of
cancer and normal patterns is produced and
passed to the learning phase.

Secondly, we applied a learning method
exploiting GA and SVM techniques to figure
out  optimal model for the
classification of proteome patterns in the
learning phase. Here GA generates a set of

decision

chromosomes, each of which represents a
decision model, by evolutionary procedures.
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The fitness value of each chromosome is
evaluated by measuring the hit ratioc from
the classification of samples with SVM
classifier containing the decision model
associated with the chromosome. n-fold
validation method is used to evaluate the
fitness of a chromosome to reduce
overfiting [4]. Then only the chromosomes
with a good fitness are selected and given
the chance to survive and improve into
further generations. Roulette wheel rule is
used for the selection of chromosome [8].
Some of the selected chromosomes are given
the chance to undergo alterations by means
of crossover and mutation to form new
individuals. One-point crossover is used, and
the probabilities for crossover and mutation
are 0.8 and 0015 in turn. This process is
repeated for a predefined number of times.
At the end of GA procedure, the decision
model with the highest hit ratios is chosen
as the optimal decision model.

Finally, the optimal decision modelis used to
build a SVM for the classification of novel
samples and the performance of the model
can be evaluated.

Learaing
Optimization of ‘alidation
N decision model =¥ by VM
based on Evolu-
tionary Algorithm

Raw
datsser [ Preprocessing

[Fig. 2] Overall framework of Proposed
Method

2.2 Learning Combined Kernel Function
and Feature Selection Using EA
A kernel function provides a flexible and

effective learning mechanism in SVM, and
the choice of a kernel function should reflect
prior knowledge about the problem at hand.
However, it is often difficult for us to
exploit the prior knowledge on patterns to
choose a kernel function, and it is an open
question how to choose the best Kkernel
function for a given data set. According to
no free lunch theorem [4] on machine
learning, there is no superior kernel function
in general, and the performance of a kernel
function rather depends on applications.

<Table 1> Kernels are chosen to
experiments in our study
Kernel function Formula

1

|nverse MU|t|—QuadI'IC "x __y"2 4+ o2
Radial rtesr)

Neural

. tanh(s - (x,y) -c)

In our case, a new kemel function is created
by combining the set of kernel functions
(see <Table 1>). The combined kemel
function has the form of

KCombined=(K1)elo.”°(Km)em ( 5 )

where {Ki { i =1, I, m} is the set of kemnel
functions to be combined, ei is the exponent
of i-th kernel function, and ? denotes an
operator between two kernel functions. In
our case, three types of the kernel functions
listed in <Table 1> are combined, and
multiplication or addition operators are used
to combine kernel functions.

The parameters in a kernel function play the
important role of representing the structure
of a sample space. The set of the
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parameters of a combined kernel function
consists of three part - i) the exponents of
individual kernel functions, ii) the operators
between kernel functions, iii) the coefficient
in each kernel function. In thelearning phase,
the structure of a sample space is learned
by a kernel function, and the knowledge of a
sample space is contained in the set of
parameters. Furthermore, the optimal set of
features should be chosen in the learning
phase. In our case, GA technique is exploited
to obtain the optimal set of features as well
as the optimal combined kernel function.

binary gene string multi-valued gene siring

(o) - DM (] - (1] (] - [CTUJRAE) - pT]

e — — m] — e 2 —)

mnﬂumm p of kernels

P

[Fig. 3] Structure of a chromosome used in
GA processing

The challenging issue of GA is how to map
a real problem into a chromosome. In our
learning method, we need to map feature
space, the set of the parameters for kernels,
and the set of operators combining kernels.
Firstly, the set of features is encoded into a
n-bit binary string to represent an active or
non-active state of n features. Then the
exponents of mindividual kernel functions,
the operators between individual kernel
functions, and the coefficients in each
individual kernel function are encoded into a
multi-valued gene string. The combination of
the two gene string forms a chromosome in
GA procedure which in turn serves as a
decision model (see [Fig. 31). In learning
phase, simulating a genetic procedure, GA
creates improved decision models containing
a combined kernel function and a set of

features by the iterative process of

Fusion Method2 OlE8t & TICAIASIN 28t 72 51

reproduction, evaluation, and  selection
process. At the end of learning stage, the
optimal decision model
functionand the set of

consisting of a
combined kernel
features is obtained, and the optimal decision
model is contained in a classifier to be used
classify new pattern samples.

3. Experiment Results

In this section, we show the result from the
classification based on the model trained by
our learning method. Furthermore, the
performance of the classification model with
combined kernel function is compared to the
performancesof the models with other kernel

functions.
3.1 Dataset Descriptions

There are several microarray dataset from
published cancer gene expression studies. In
this paper, we have used two representative
datasets (conlon cancer and leukemia
datasets) among them and our own dataset
(proteome  patterns  of
dataset).

The stomach cancer dataset consists of 137

stomach cancer

samples taken from stomach cancer patients.
There are 67 normal and 70 cancer samples.
The random 72 samples out of 137 samples
were used as training set. The remaining 65
samples are used as test samples. The
proteome pattern samples used for training
and testing the models are provided by
Cancer Research Center of Seoul National
University in Seoul, Korea. The proteome
patterns are extracted from the sera of the
affected and the unaffected men. The
proteome patterns of affected are extracted
from the sera of the patients diagnosed with
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stomachcancer at the gynecological clinic in
the hospital. We chose 119 spots as the
candidate features to be included in the
optimal classification model. The normalized
quantity values of 119 spots from each
proteome image are extracted grouped into a
feature vector representing the proteome
pattern of a sample. <Table 2> shows the
distribution of patients and normal
individuals in our samples. <Table 3> shows
the distribution of the ages of cancer
patients and normal individuals.

<Table 2> Distribution of men and
women in dataset
Cancer group| Normal group | All
Man 34 32 66
Woman 36 35 71
All 70 67 137
<Table 3>Distribution of the ages of
samples Age groupCancer groupNormal
groupAgeless than 4086
40~60 33 34
more than 60 29 27

The colon cancer dataset [11] contains gene
expression information extracted from DNA
microarrays. The 62 samples dataset consists
of 22 normal and 40 cancer tissue samples
and each having 2000 features. 32 samples
were chosen randomly as training set and
the remaining samples were used as testing

set. (Availble at:
http://sdmc.lit.org.sg/GEDatasets/Data/
ColonTumor.zip).

The leukemia dataset [12] consists of 72
samples that have to be discriminated into

two classes ALL and AML. There are 47
ALL and 25 AML samples and each sample
contains 7129 features. The dataset was
divided into a training set with 38 samples
(27 ALL and 11 AML) and a test set with
34 samples (20 ALL and 14 AML) (Availble
at:http://sdmc.lit.org.sg/
GEDatasets/Data/ALL-AML_Leukemia.zip).

3.2 Experimental Environments

All experiments are conducted on a Pentium
IV 1.8GHz computer. The experiments are
composed preprocessing, learmning by GA to
obtain  optimal decision model, and
classification (see Sec. 2). For preprocessing
data, we normalize data and randomly build
10 pair of training/testing dataset. For EA,
we have used toumament rule for selection
method. Our proposed method was done with
100 of generations and 100 of populations.
Our combined kernel function and three
other kernel functions <Table 1> are trained
by GA in leaming phase with training set.
Three kernel functions are chosen since they
were known tohave good performances in
bicinformatics field [4, 6, 13-15]. Also,
10-fold cross validation is wused for the
fithess estimating to reduce overfitting
problem [4]. The optimal decision model
obtained after 100 generations of GA is used
toclassify the set of test samples. The
experiments for each kemel function are
repeated for 10 times to obtain generalized
results. As the result of learning phase, an
optimal decision model consisting of 15 most
important features and optimal combined
kernel function is obtained.

3.3 Experimental Results and Analysis
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The classified results of stomach cancer
dataset are shown in [Fig. 4] The graph
indicated the proposed method with combined
kernel function more stable than other cases.
The average, highest, and lowest of hit
ratios using four kernel functions are shown
in <Table 4>. Here the combined kernel
function case shows the best
performance with 79.33%
classification. The standard deviation of it
(see <Table 4>) also better than other
cases.
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[Fig. 4] The comparison of hit rate in
classification phase of combined kernel
function case (bold line) with single kernel
functions in stomach cancer dataset
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<Table 4> The hit ratio of
classification phase using the decision model
obtained from 100 generations of GA in
stomach cancer dataset

Kernel function name | Accuracy + stdev
Combination 79.23+3.0%
Inverse Multi—quadric 74.624+6.0%
Radial 69.69+8.0%
Neural 46.15+0.0%

In the case of colon dataset, the experiments
of proposed method with combined kernel

quadric Kernel

Fusion Method2 0|E8t & XTHAIAEN 28 A3 53

function also show more stable and higher
than other cases (see [Fig. 5]). According to
<Table 5>, the result of combined kernel
function case shows the best average
performance with 79.0% of recognition rate
with standard deviation values
compared to single cases.

lower

100%

Ht Ratio

1 2 3 4 5 6 7 8 9 10
Experiment Times

[Fig. 5] The comparison of hit rate in
classification phase of combined kernel
function case (bold line) with single kernel
functions in colon cancer dataset
<Table 5> The hit

classification phase using the decision model
obtained from 100 generations of GA in

ratio of

colon cancer dataset

Kernel function name| Accuracy + stdev
Combination 79.0+£7.0%
Inverse Multi-quadric 74.33+£7.0%
Radial 72.33+11.0%
Neural 66.67+0.0%
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[Fig. 6] The comparison of hit rate in
classification phase of combined Kkernel
function case (bold line) with single kemnel
functions in leukemia dataset
In the dataset, the
classified results of experiments with
combined kernel function still seem more
stable and higher than other single kemel
function (see [Fig. 6]). The average, highest,
and lowest of hit ratios using four kemel
functions are shown in <Table 6>. The
table shows us the best average is 78.82%
of recognition rate in case of Inverse
Multi-quadric kernel function. In this dataset,
even though combined kernel function could
not obtain the best average of corrected
classification, but the results still stable than
other cases (see <Table 6> -~ stdev=3%).
<Table 6> The hit ratio of
classification phase using the decision model
obtained from 100 generations of GA in
leukemia dataset

case of leukemia

Kerne! function name| Accuracy * stdev

Combination 78.24+4.0%
Inverse Multi—quadric 78.82+9.0%
Radial 70.57+8.0%

Neural 58.82+0.0%

4. Conclusion

In this paper, we proposed a new kernel
function combining a set of kemel functions
for SVM and its learning method exploiting
GA technique to obtain the optimal decision
model for classification. A kemel function
plays the important role of mapping the
problem feature space into a new feature
space so that the performance of the
SVMclassifier is improved. The combined
kernel function and the learning method
were applied to classify the clinical
datasetsto identify cancer/normal groups. In
the comparison of the classifications by
combined kernel and other three kernel
functions, the combined kemel
achieved the fastest convergence in learning
phase and results in the optimal decision
model with the highest hit rate in
classification phase. Thus our combined
function has greater flexibility in

function

kernel
representing a problem space than individual
kernel functions.
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