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Ensemble is the method that improves the efficiency of the classification task. In the traditional way, classifiers were built
separately n times and combine to the ensemble with size n. It takes a lot of time especially in the Genetic Algorithm (GA)
methodology. This paper presents the method to build the ensemble of GA classifier that processed by GA technique. The
experimental results showed that the proposed method gave better classification accuracy with less time consumed in
processing comparing with the traditional one.
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1. INTRODUCTION

Microarray is the popular technique in studying the
living process in molecular level. This technique provides
us to investigate on the patterns of thousands genes
simultaneously. Nowadays, it has been implemented
widely and influenced the increasing of microarray
datasets. The study relating to cancer is another topic
which microarray techniques have been implemented to
learn the patterns of gene expression in order to cure
effectively. Statistics and computer processing, especially
data mining and machine learning techniques are the
powerful tools used to create the automatically-assisted
diagnosis model.

Ensemble technique has been one of a popular data
classification methods and it has been accepted in terms
of significantly classification efficiency. Ensemble
technique has been widely developed, for example,
decision tree with bagging technique'?, the varieties of
the ensemble of classifiers and feature selections®, and the
ensemble of the Genetic Programming (GP) classifier®. It
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has been found that the ensemble classifiers yield better
efficiency in cancer microarray classification®.

The crucial parts of the ensemble efficiency are
controlling the diversities and the quality of each
classifier. Generally, each classifier should be separately
built, then, combined them together to the ensemble. This
requires  huge computation time especially the
evolutionary computation technique which has been
popular in building efficiently classifiers.

This work presents the co-evolving method to build
the ensemble of GA classifier that can improve the
classification accuracy and reduce the time consumed of
the learning process.

The paper is organized as follows. In section 2, the
details of the Genetic Algorithm (GA) are presented. In
section 3, the GA classifier used in the research are
described. In section 4, the co-evolving ensemble design
is given. Section 5, the experimental settings are showed.
The experimental results are presented in section 6.
Finally, discussions and conclusions are summarized in
the last section.
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2. GENETIC ALGORITHM

Genetic Algorithm (GA) is a popular technique in
Evolutionary Computation. It was introduced by Holland®
in 1975. GA is wildly used in variety domains such as
optimizations, control system and data mining. The
solution of GA is represented by a fixed length binary
string. The process of GA comprise of 1) generate an
initial population of solution, 2) evaluate each solution by
fitness function, 3) evolve solutions by genetic operators
and 4) result the best solution. The overall of GA
algorithm shows in the figure 1.
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Fig.1. The algorithm of Genetic Algorithm

3. THE GENETIC ALGORITHM (GA) CLASSIFIER

The design of the proposed classifier, called GA-
based classifier’, has been presented in this section. There
were m chromosomes with n genes per chromosomes.
Each gene in a chromosome presented the position of
gene (or attribute) in the microarray dataset as shown in
figure 2.
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Fig.2. chromosome and genes in GA
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In the 2-class classification problem in the
experiment, the chromosome was equally divided into 2
parts. Part 1 comprised of the 1st gene to the n/2 th gene
and the rest belong to part 2 as shown in figure 3.
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Fig.3. division of a chromosome in GA

The methodology of cach chromosome classification
was the comparison of the summation of the expression
of genes in each part. If the summation of part 1 was
greater than part 2, the chromosome would be classified
in class 1, otherwise, it would be classified in class 2.

To create the cnsemble with n classifiers in the
traditional way, the GA has to be processed n times
separately which will get the best solution each time and
then combine them to the ensemble. The methodology
was as follows:

1. For i = 1 to n (Repeat n times)
1.1 Initial population randomly
1.2 Evaluate the fitness of

solution in the population

each

1.3 Repeat wuntil the criteria are
met
1.3.1 Evolve the population
- Reproduction
- Crossover
- Mutation
1.3.2 Evaluate the fitness of

each solution in the new
population
1.4 Take the best solution to be the
ith member of the ensemble
2. Result the ensemble

4. THE CO-EVOLVING ENSEMBLE DESIGN

Due to the methodology of Genetic Algorithm is
random. A number of populations of the solutions was
randomized and evolved to find out the best solution. The
process of GA usually takes a lot of time especially in the
traditional ensemble method which repeats n times as
described in section 2. In this work, we designed the co-
evolving ensemble method which created the n classifiers
from just one time of the GA process. The methodology
was as follows:

1. Initial population randomly
2. Evaluate the fitness of each solution
in the population
* Combine the n best solution to the
ensemble
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3. Repeat until the criteria are met
3.1 Evolve the population

- Reproduction

- Crossover

- Mutation

Evaluate the fitness of each
solution in the new population
* If the best solution of the new

32

population is better than the
best solution of the ensemble,
replace the lowest fitness
solution in the ensemble with
the best solution of the new
population

4. Result the ensemble

Comment. * means the proposed method which are
added to the traditional GA.

S. THE EXPERIMENTAL SETTING

5.1 The Dataset

To test the efficiency of the proposed method, three
benchmark datasets of cancer microarray data were used
which were colon cancer, prostate cancer and ovarian

cancer datasets. The details of each dataset are shown in
Table 1.

Table.1. datasets details

Dataset No. of samples No. of features
Colon 62 2,000
(40 cancers + 22 normals)
Prostate 102 12,600
(52 cancers + 50 normals)
Ovarian 253 15,154
(162 cancers + 91 normals)

5.2 The GA Parameters
The parameters used in the GA process that
described in section 3 are shown in Table 2.

Table.3. the classification accuracy (percent)

Table.2. GA parameters

Population Size 1,000

Max Generation 100

Chromosome Length (n) 20

Reproduction Rate 10%

Crossover Rate 80%

Mutation Rate 10%

Selection Method Tournament selection
(size =5)

6. THE EXPERIMENTAL RESULT

Due to the GA is randomized algorithm, the
experiment had been repeated 10 times with 10-fold cross
validation method (the total number of the experiment for
each dataset is 100). A dataset was equally divided into 10
groups. Nine groups were training data and the rest was
testing data. Each group had been circulated at least once
as testing data. The result was reported in the form of the
average of the classification accuracy and the processing
time consumed. The numbers of the ensemble members
were varied from 1, 3, 5, 7 and 9 respectively. The results
are shown in Table 3 and Table 4 and the details of cach
dataset are as follows:

6.1 Colon cancer dataset

From the colon cancer dataset, the efficiency
comparison of the proposed method and the traditional
ensemble showed that the proposed method yielded better
performance than the traditional one when the numbers of
the ensemble member were 3, 5 and 7. The proposed
method gave the best result when the number of the
ensemble member was 3 with 82.62% classification
accuracy. The processing time consumed of the proposed
method was approximately the same in every numbers of
the ensemble members (just about 10 seconds) whereas
the traditional method consumed 82.66 seconds when the
number of the ensemble member was 9.

Dataset Ensem Ensem 3 Ensem 5 Ensem 7 Ensem 9
1 Trad. | Co-Evo | Trad. | Co-Evo | Trad. | Co-Evo| Trad. | Co-Evo
Colon cancer 70.24 72.81 80.62 73.95 75.95 76.05 79.02 74.38 7357
Prostate cancer 64.05 68.14 76.31 72.26 75.32 74.90 73.99 73.75 75.44
Ovarian cancer 77.02 84.76 90.11 86.65 90.31 87.82 90.56 89.13 90.14
Comment: the highlight values are the best result of each dataset.
Table.4. the processing time consumed (second)
Dataset Ensem Ensem 3 Ensem 5 Ensem 7 Ensem 9
J 1 Trad | Co-Evo | Trad | Co-Bvo| Trad | Co-Evo| Trad. | Co-Evo
Colon cancer 9.96 30.37 9.75 56.96 971 62.49 11.89 82.66 10.43
Prostate cancer 43.47 103.91 30.86 | 216.40 | 28.15 265.88 29.87 | 462.50 | 23.99
Ovarian cancer 128.02 | 336.81 70.62 509.02 69.11 899.24 66.01 918.71 54.76
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6.2 Prostate cancer dataset

From the prostate cancer dataset, the efficiency
comparison of the proposed method and the traditional
ensemble showed that the proposed method yielded better
performance than the traditional one when the numbers of
the ensemble member were 3, 5 and 9. The proposed
method gave the best result when the number of the
ensemble member was 3 with 76.31% classification
accuracy. The processing time consumed of the proposed
method was approximately the same in every numbers of
the ensemble members (just about 30 seconds) wherecas
the traditional method consumed 462.50 seconds when
the number of the ensemble member was 9.

6.3 Ovarian cancer dataset

From the ovarian cancer dataset, the efficiency
comparison of the proposed method and the traditional
ensemble showed that the proposed method yiclded better
performance than the traditional one in every experiment.
The proposed method gave the best result when the
number of the ensemble member was 7 with 90.56%
classification accuracy. The processing time consumed of
the proposed method was approximately the same in
every numbers of the ensemble members (just about 70
seconds) whereas the traditional method consumed
918.71 seconds when the number of the ensemble
member was 9.

7. DISCUSSIONS AND CONCLUSIONS

This paper presents the co-evolving method to build
the ensemble classifier based on Genetic Algorithm. The
tested datasets were colon cancer, prostate cancer and
ovarian cancer datasets. Ten-fold cross validation was
used to test the performance of the proposed method. The
experimental results showed that the proposed method
gave better classification accuracy comparing with the
traditional ensemble method. Furthermore, the processing
time consumed of the proposed method was not been
increased when the number of the ensemble members
increased whereas the processing time consumed by the
traditional method was multiplied by the number of the
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ensemble member increased.

Due to the Genetic Algorithm is a randomized
algorithm, the solutions of each generation are different.
The ensemble members can be formed from the n best
solutions of the same population generation. After that,
the population will be evolved by GA process and get
new solutions in the next generation. If the best of the
new solution is better than the best of the solution of the
ensemble member, the lowest fitness solution of the
ensemble member will be replaced. Therefore, the
member of the ensemble will be updated by the
generation of GA though the end of GA process. Finally,
the ensemble can be achieved by just one time of GA
process instead of n times of the traditional way process.
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