
IJISET - International Journal of Innovative Science, Engineering & Technology, Vol. 2 Issue 9, September 2015. 

www.ijiset.com 

ISSN 2348 – 7968 

 

 

    Feature Selection with Multi Objective Genetic 
Algorithm and Fuzzy Rule-Based Multiclassifiers for 

Cancer Classification 
 

A.Sathish 1, N. Dharmarajan 2 

 

1Assistant Professor, Maharaja Arts and Science College, Department of Computer Science, Coimbatore. 
asathish67@gmail.com 

 
2 Assistant Professor, Maharaja Arts and Science College, Department of Computer Science, Coimbatore.  

 

 
Abstract: DNA microarray data now 

permit scientists to screen thousand of genes 

simultaneously and determine whether those 

genes are active or silent in normal and 

cancerous tissues. With the advancement of 

microarray technology, new analytical methods 

must be developed to find out whether 

microarray data have discriminative signatures 

of gene expression over normal or cancerous 

tissues. In this paper, we attempt a prediction 

scheme that combines Multi 

Objective Genetic Algorithm (MOGA) for 

feature selection with F u z z y  R u l e - B a s e d  

M u l t i c l a s s i f i e r s . To show the effectiveness 

of the proposed approach, we compare the 

performance of this technique with the signal-to-

noise ratio (SNR) and consistency based feature 

selection (CBFS) methods. Using six benchmark 

gene microarray datasets (including both binary 

and multi-class classification problems), we 

demonstrate experimentally that our proposed 

scheme can achieve significant empirical success 

and is biologically relevant for cancer diagnosis 

and drug discovery. 

  Keywords: Genetic Programming, Multi    

 Objective Genetic Programming (MOGA), . 

 

1. INTRODUCTION 

An important goal of DNA microarray 

research is to develop tools to diagnose 

cancer more accurately based on the genetic 

profile of a tumor. Microarray cancer data, 

organized as samples versus genes fashion, 

are being exploited for the classification of 

tissue samples into benign and malignant 

or their subtypes. Accurate prediction of 

different tumor types can help in providing 

better treatment and toxicity minimization 

on the patients. Successful gene selection 

will help to classify different cancer types, 

lead to a better understanding of genetic 

signatures in cancers and improve 

treatment strategies.  

A typical microarray dataset is extremely 

sparse in the sense that the dataset usually 

comes with only several dozens of tissue 

samples but with thousands or even tens of 

thousands of genes. This extreme sparseness 

and small sample size remain a bottle- neck 

in obtaining robust and accurate classifiers. 
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As a result, the ability to extract gene 

markers while removing irrelevant or 

redundant genes is crucial for cancer 

classification. This is also helpful for 

biologists to find cancer related genes, and 

hence to develop better diagnostic methods 

or find better therapeutic treatments. 

Feature selection and cancer classification 

are two closely related problems. Most 

existing approaches handle them separately 

by selecting genes prior to classification. 

Feature selection is an important pattern 

recognition problem. Successful feature 

selection has several advantages for 

microarray data. First, dimension 

reduction to reduce the computational 

cost. Second, reduction of noises to 

improve the classification accuracy. 

Finally, more interpretable features or 

characteristics tha t  can be helpful to 

identify and monitor the target diseases. 

Biologically, only a few genetic 

alterations correspond to the malignant 

transformation of a cell.   

In my paper, we propose a novel 

approach that combines Genetic Algorithm 

based rough set (GARS) for finding more 

relevant gene markers from microarray 

gene expression data and FRBMs to further 

improve the classification. The MOGA is 

used for feature selection which selects the 

features based on Selection, Mutation and 

Crossover. The algorithms like MOGA 

and FRBMs is used to select the features 

and classify them accurately from the 

Genes. Using six benchmark gene 

microarray datasets, the effectiveness of the 

proposed scheme is compared with SNR 

and CBFS methods. 

The contributions of this paper lie in the 

following aspects. 

1) We have successfully utilized the 

MOGP to automatically design feature 

descriptors and achieved better 

performance compared with state-of-

the-art methods.  

2) Our proposed MOGP learned 

descriptors provide an effective way to 

simultaneously extract and fuse the 

RGB and gray scale information into 

one feature representation. 

A. Genetic algorithm (GA)  

Genetic algorithm (GA) is a 

search heuristic that mimics the process 

of natural selection. This heuristic (also 

sometimes called a met heuristic) is 

routinely used to generate useful solutions 

to ptimization and search problems Genetic 

algorithms belong to the larger class of 

evolutionary algorithms (EA), which 

generate solutions to optimization problems 

using techniques inspired by natural 
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evolution, such as inheritance, mutation, 

selection, and crossover. 
Genetic algorithms find application 

in bioinformatics,   phylogenetics,     

computationalscience, engineering, economi

cs, chemistry, manufacturing, mathematics, 

physics and pharmacometrics. 

Algorithm  Genetic Programming 

Start Initialization 
for size of population do 
Randomly create an initial population of 
operation sequences from the available 
primitives (terminal set & function set) 
end for 

       for number of generations  
       do for each individual do 
 

(1) Process action 
sequences with evolved 
individual feature descriptor  

 
(2) Evaluate the fitness of the 

individual via recognition error rate  
 

(3) Choose individuals from         
the population with a particular 
probability biased in their fitness  

 
(4) Create a new generation 
of individuals applying genetic 
operations (crossover & 
mutation)  

 
If An acceptable solution is found or 
the maximum number of generations 
(defined by user) exceeded 

end for end for 
 

Return The best feature      
descriptor is selected end 

The genetic operations are Selection, 

crossover (also called recombination), 

and mutation. For each new solution to be 

produced, a pair of "parent" solutions is 

selected for breeding from the pool selected 

previously. By producing a "child" solution 

using the above methods of crossover and 

mutation, a new solution is created which 

typically shares many of the characteristics 

of its "parents". New parents are selected for 

each new child, and the process continues 

until a new population of solutions of 

appropriate size is generated. Although 

reproduction methods that are based on the 

use of two parents are more "biology 

inspired", some research suggests that more 

than two "parents" generate higher quality 

chromosomes. 

These processes ultimately result in the 

next generation population of chromosomes 

that is different from the initial generation. 

Generally the average fitness will have 

increased by this procedure for the 

population, since only the best organisms 

from the first generation are selected for 

breeding, along with a small proportion of 

less fit solutions. These less fit solutions 

ensure genetic diversity within the genetic 

pool of the parents and therefore ensure the 

genetic diversity of the subsequent 

generation of children. 
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Although crossover and mutation are 

known as the main genetic operators, it is 

possible to use other operators such as 

regrouping, colonization-extinction, or 

migration in genetic algorithms. It is worth 

tuning parameters such as 

the mutation probability, crossover probabili

ty and population size to find reasonable 

settings for the problem class being worked 

on. A very small mutation rate may lead 

to genetic drift. A recombination rate that is 

too high may lead to premature convergence 

of the genetic algorithm. A mutation rate 

that is too high may lead to loss of good 

solutions unless there is elitist selection. 

 
RELATED WORK 

 

 
Fig 1: Outline of Related Work 

In this paper, the Microarray Gene 

dataset is taken and the dataset is given for 

the process of Genetic Programming. The 

related work concentrates on Multi 

Objective Genetic Programming in which 

the feature is selected based on multiple 

objectives. The GA process such as 

Selection, Mutation and Crossover is carried 

out in the dataset to extract the feature and 

then the selected feature is used as a source 

for classification. Genes in the dataset are 

classified using Fuzzy Rule-Based 

Multiclassifiers; the genes are classified 

based on the presence of Cancer tissues in 

the Gene.  

2. METHODOLOGY 

 

In this paper, we design a multilayer 

feature extraction system by successfully 

applying the MOGP Gene classification. 

The proposed MOGP-based method is 

regarded as a generalized methodology for 

Gene classification rather than just as a 

specific one for a certain task. We evaluate 

our method on different types of Gene data 

sets and it achieves accurate results, which 

outperform the previously published 

techniques. The outline of related work is 

shown in Fig. 1. 

Program Structure Design 

In this architecture, the individual MOGP 

program can be divided into four layers, i.e., 

the data input (bottom layer), the filtering 

(middle 1 layer), max-pooling (middle 2 

layer), and concatenation (top layer) .The 

order of these layers in our structure is 

always fixed, which is consistent with the 

physical structure of the human visual 

cortex. Both data input and concatenation 

are one-depth layer, whereas, the depth of 

the filtering and max-pooling layers is 

dynamic and unrestricted according to the 
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evolve procedure of the MOGP. Fig. 2 

shows the proposed structure of an example 

program. 

 

The data output layer is located at the 

bottom of the whole structure and serves as 

the feature selection from gene and 

classification of gene. 

Fig 2: Grammatical Structure of Work 
 

 
Fig. 3. Terminal set, fitness measure, and function set (shown at 

the top of the figure) are the human-supplied inputs to the MOGP 

system. The computer program (shown at the bottom) is the output 

of the MOGP system. 

 

3. PRELIMINARIES 

This section explores the current literature 

related to classifier ensemble combination 

methods and reviews our generation method 

for FRBMCSs. 

A. Multiclassification System Combination 

Methods 

Two main approaches arise in the 

literature for the combination of the outputs 

provided by a previously generated set of 

base classifier into a single MCS output: 

classifier fusion and classifier selection. 

Classifier fusion relies on the assumption 

that all ensemble members make 

independent errors. Thus, combining the 

decisions of the ensemble members may 

lead to increasing the over-all performance 

of the system. There is no guarantee that a 

particular ensemble generation technique 

will achieve the error independence, and 

thus, it does not improve the final 

classification performance. That is the 

reason for the extended use of weighted 

MV. 

In my paper, we will follow the latter 

approach since our FRBCS-CM belongs to 

static OCS being able to either completely 

remove a whole candidate classifier or to 

reduce its role to only some specific classes 

with a specific weight measuring our 

confidence in the base classifier for that 

specific class. All of that will be performed 

using a human-interpretable structure 

generated by means of a GFRBCS. 

B. Multiclassification System Fuzzy 

Combination Methods 

Fuzzy set theory has been extensively and 

successfully con-sidered for MCS 

combination, especially classifier fusion, as 
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fuzzy aggregation operators are able to 

model the imprecision and uncertainty 

involved in the MCS combination process. 

Two different groups of fuzzy operators 

have been considered in the literature:  

1) the classical simple fuzzy aggregation 

operators, such as minimum, maximum, 

simple average, or product; and 2) more 

advanced fuzzy operators, including the 

fuzzy integral, the Basic Defuzzification 

Distributions (BADD) defuzzification 

strategy, Zimmermannos compensatory 

operator, and the decision templates. 

This could be feasible when using a very 

small number of component classifiers Ñ 

only three Ñ but not dealing with a more 

usual larger number. In fact, the FRBSs 

considered in their experimentation are only 

composed of a single rule with three inputs, 

and the authors mention that they were not 

able to incorporate expert knowledge to the 

Bayesian component classifier. 

C. Bagging Fuzzy Multiclassification 

Systems 

In this paper, we will follow a 

methodology for component fuzzy classifier 

generation that we previously presented in. 

To generate FRBCMSs, we embedded fuzzy 

unordered rules induction algorithm 

(FURIA) into an MCS framework based on 

classical MCS design approaches. We 

concluded that pure bagging without 

additional feature selection obtained the best 

performance when combined with FURIA-

based FRBCSs. Thus, we consider the use of 

bagging with the entire feature set to 

generate initial FURIA-based fuzzy MCSs. 

The fuzzy classification rules Rj
k 

considered show a class Cj
k and a certainty 

degree CFj
k in the consequent: If xk

1 is Ak
j1 

and . . . and xk
n is Ak

j n , then Class Cj
k with 

CFj
k , j = 1, 2, . . . , N, k = 1, 2, . . . , K. 

After performing the training stage on all 

the bags in parallel, we get an initial 

FRBMCS, which is validated using training 

and test errors as well as a complexity 

measure based on the total number of rules 

in the FRBCSs. The voting-based fuzzy 

reasoning method is used to take the 

decision provided by each weak learner. 

Thus, the class with the highest accumulated 

degree is the one assigned to each 

component classifier. Finally, the MV is 

applied as a fusion method: The class with 

the most votes among all the classifiers is 

selected as the final output.  

The lowest order class is taken in the case 

of a tie. 

Regardless of the fuzzy rule generation 

method considered to derive the component 

FRBCSs (in this paper, we use FURIA due 

to its capability to generate accurate and 

compact fuzzy classifiers for high-

dimensional datasets, but any method 
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generating fuzzy classification rules with a 

certainty degree could be used), the two-

level hierarchical structure composed of the 

individual classifiers in the first level and

To successfully operate the MOGP 

algorithm,       some significant 

parameters are defined below. 

1) Population and Generation Size: 

According to some previous relevant 

experiments, the larger population we 

define in GP running, the better solution we 

can potentially obtain. In this case, 

considering the high computational cost, 

we set a population size of 200 individuals 

with the initial population generated with 

the ramped half-and-half method [29]. The 

number of generation is defined as 70.  

2) Genetic Operators: We use both 

cross over and muta-tion [29] as our 

genetic operators and fix their probabilities 

during the whole GP run at 90% and 10%, 

respectively.  

3) Selection for Representation: The 

selection method we apply in the GP is 

tournament, which chooses each parent by 

randomly drawing a number of individuals 

from the population and selecting only the 

best of them.  

4) Survival Method: We adopt the 

totalelitism scheme for the MOGP running. 

In this scheme, all the individu-als from 

both parents and children populations are 

ordered by fitness alone, regardless of 

being parents or children. Consequently, 

the best individuals can be kept and 

inherited generation-by-generation. This 

scheme has been demonstrated leading to 

promising results in many applications.  

5) Stop Condition: We set our MPGP 

termination as 0.5% of the error rate. If the 

classification error rate computed  

 

4. CONCLUSION 

The goal of this paper is to develop 

a domain-adaptive learning approach based 

on the MOGP to generate feature for Gene 

classification. The MOGP is used to 

automatically evolve robust and 

discriminative feature descriptors with a set 

of domain-specific images and random 

constants as terminals, a number of 

primitive operators as functions, and both 

the classification error rate and tree 

complexity as the fitness criterion. The 

method can simultaneously extract and fuse 

features from Gene dataset. 

Although our MOGP method takes 

a quite long time for evolving, it only needs 

to be carried out once on the learning set 

and evaluation set, whereas the obtained 

(near-)optimal descriptor will be relatively 

generalized for feature extraction and 

representation. In future, the effective 

feature selection algorithm and 
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classification algorithm can be used to 

improve efficiency and reduce the evolving 

time of the process. 
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