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Abstract— This paper presents a comparative study of 

evolutionary computation approach to classify cancer 

microarray data. The concepts of microarray, Genetic 

Algorithms, Genetic Programming, GA-based classifier and 

GP-based classifier were described. GA- and GP-based 

classifiers are different in terms of solution representation. 

GA-based classifier represents a solution in a fixed length 

string form while GP-based classifier represents a solution in a 

tree structure form.  Three datasets: Lymphoma, Leukemia 

and Colon cancer were used in this experiment. 10-folds cross 

validation method was applied to test the performance of the 

GA- and GP-based classifiers. The result shown that GA-based 

classifier is more efficient than GP-based classifier in terms of 

classification accuracy and numbers of generation.  
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I.  INTRODUCTION  

Microarray is a popular technology to study in molecular 
level of the biological mechanism. This technique enhances 
the study of organism gene expression. Thousands of 
features with few samples are characteristics of microarray 
data. This decreases the efficiency of microarray data 
analysis using data mining techniques because they usually 
suit to the dataset with few features and big enough samples. 

 Machine learning techniques [1-4] were applied to 
microarray data to enhance the efficiency of microarray data 
analysis including evolutionary computation approach [5]. 
Advances in computer performance enable evolutionary 
computation approach to solve difficult real-world 
optimization problems.   

We investigated on two evolutionary computation 
approaches: Genetic Algorithm (GA) and Genetic 
Programming (GP) to apply to be classifiers for cancer 
microarray data classification problem. GA and GP are 
different in terms of solution representation. GA represents a 
solution in a fixed length binary string form while GP 
represents a solution in a tree structure form.    

This paper presents the study of generating GA- and GP-
based classifiers to binary cancer microarray data 
classification problem and the comparative of the efficiency 
of both classifiers.  

The paper is organized as follows: Section II describes 
microarray, Genetic Algorithm and Genetic Programming. 
Section III presents the method implemented in this 
experiment. Section IV shows the experimental result and 
conclusion in Section V. 

 

II. BACKGROUND KNOWLEDGE 

To compare GA- and GP-based classifiers for binary 
microarray data classification, this section described related 
background knowledge: microarray, Genetic Algorithm and 
Genetic Programming. 

 

A. Microarray 

Microarray is a technique that presents thousands of 

expression level of genes simultaneously. This technique 

makes it possible to analyze and observe a complex 

organism in details. Microarray data is generated by 

hybridization of sample DNA labeled with red-fluorescent 

(dye Cy5) and DNA library labeled with green-fluorescent 

(dye Cy3) in equal quantities. Then, the slide of 

hybridization of DNA is imaged by a scanner that measured 

each dye. The process of microarray technique is shown in 

Fig. 1. The expression level of genes is defined as follows: 

 

𝑔𝑒𝑛𝑒_𝑒𝑥𝑝𝑟𝑒𝑠𝑠𝑖𝑜𝑛 =  𝑙𝑜𝑔2
𝐼𝑛𝑡 (𝐶𝑦5)

𝐼𝑛𝑡 (𝐶𝑦3)
 (1) 

 

where Int(Cy5) and Int(Cy3) are the intensities of red 

and green colors which are scanned after the hybridization 

of the samples with the arrayed DNA probes. 

 

B. Genetic Algorithm and Genetic Programming 

Genetic Algorithm (GA) [6] and Genetic Programming 
(GP) [7] are search methods that imitate theory of evolution 
and natural selection. The solution representation of a 
chromosome in GA is represented by fixed length binary 
string while the solution of GP is represented in a tree 
structure. The algorithm of GA and GP are shown in Fig. 2 
and details of each step are as follows: 

 



 

Figure 1.  The process of microarray technique. 

 

Figure 2.  The algorithm of GA and GP. 

 
1) Generate an initial population of solutions: The initial 

solutions are created to fulfill the population. There will be a 
large variation of solution structures through the process of 
this random generation. Fig. 3 shows the solutions in the 
population of GA and Fig. 4 shows the solutions in the 
population of GP. 

2) Evaluate each solution by a fitness function: Each 
solution is evaluated to determine its fitness. The evaluation 
function, called "fitness function", is an important element in 
GA and GP. The fitness function is problem specific. Each 
solution will have a measure of goodness associated with it. 
 

 1001110001 … 100 1st solution 
 0100110111 … 001 2nd solution 
 1000111010 … 111 3rd solution 
  …      … 
 1100110011 … 000 nth solution 

Figure 3.  The solution structure of GA. 

 

Figure 4.  The solution structure of GP. 

 

3) Create a new population by genetic operators: The 
objective of applying genetic operations on the population is 
to construct the better quality population of the solutions. 
There are three genetic operators: reproduction, crossover, 
and mutation. 

- Reproduction: A number of good solutions are selected 
based on their fitness value to be reproduced to the next 
generation. This process conserves good solutions. 

- Crossover: This operator recombines parts from two 
good solutions, called "parents", to create new solutions, 
called ―offspring‖ or ―child‖. Two good solutions are 
selected. The probability of a solution being selected is 
proportional to its fitness. The crossover points, which 
determine the location to exchange parts, are randomly 
selected. In GA, the strings after the crossover point from 
parents are exchanged (shown in Fig. 5). In GP, the subtrees 
from parents are exchanged (shown in Fig. 6). This process 
creates two new offspring. 

- Mutation: To maintain diversity in the population and to 
encourage exploration of different solutions, the mutation 
operator changes some part of a solution randomly. A 
solution is selected randomly and a location to be changed is 
selected. In GA, a value is mutated by changing it with invert 
value (0 and 1 as shown in Fig. 7). In GP, a part is mutated 
by replacing it with a small random tree (shown in Fig. 8). 

 
These steps have been repeated until the termination 

criteria are met. The termination criterion for the run may be 
defined by the best fitness value or a maximum number of 
generations. Throughout generations, the quality of solutions 
is improved. The results from each run are different as the 
search for a solution is probabilistic and the solution for this 
problem is not unique. 

 



 
Figure 5.  The crossover operator in GA 

 

 

Figure 6.  The crossover operator in GP 

 
 

 
Figure 7.  The mutation operator in GA 

 

 

Figure 8.  The mutation operator in GP 

 

III. METHOD IMPLEMENTED 

In this experiment, we applied GA and GP to solve 
cancer microarray data classification. We evaluated the 
efficiency of GA- and GP-based classifier by testing with 3 
benchmark microarray datasets: Lymphoma, Leukemia and 
Colon cancer.  

 

A. The dataset used in the experiment 

The Lymphoma, Leukemia and Colon cancer datasets 
were used in this experiment. Numbers of samples and 
features of each dataset are shown in Table 1.  

 

TABLE I.  DATASET USES IN THE EXPERIMENT 

Data set # Samples # Features 

Lymphoma 47 4,026 

Germinal center B-like 
24 

Activated B-like 
23 

Leukemia 72 7,129 

ALL 
47 

AML 
25 

Colon 
cancer 

62 2,000 

Cancer 
40 

Normal 
22 

 
- The Lymphoma dataset [8] is composed of 47 

samples, 24 germinal centre B-like samples and 23 
activated B—like samples, with 4,026 features. 

- The Leukemia dataset [9] is composed of 72 
samples, 47 ALL samples and 25 AML samples, 
with 7,129 features. 

- The Colon cancer dataset [10] is composed of 62 
samples, 40 cancer patient samples and 22 normal 
patient samples, with 2,000 features. 

 

B. Classification by means of GA 

In order to construct the GA-based classifier [11], the 
chromosome length is fixed to n. Each gene in the 
chromosome is the position gene (feature) in the microarray 
data as shown in Fig. 9. The chromosome is divided into 2 
groups equally (n/2 genes) as shown in Fig. 10. 

To classify the data, the summation of gene expression 
values selected by GA in each group is calculated and 
compared between groups. If the summation of the first 
group is greater than the other, it is classified as class 1; 
otherwise, it is classified as class 2.  

 

 

Figure 9.  Chromosome form in this experiment 



 

Figure 10.  The structure of GA-based classifier 

 

C. Classification by means of GP 

GP-based classifier is represented by a classification tree. 
The tree represents an arithmetic equation (Fig. 11). It 
consists of symbols from the function set F and the terminal 
set T. The function set F comprises of arithmetic operators 
and the terminal set T comprises of 10 constants and 
variables defined as follows: F = {+, -, *, /} and T = {0.. 9, 
x1... xn}. The variables represent the value of the expression 
level of genes. 

 

 

Figure 11.  (left) The tree represents an arithmetic equation 

(right) The equation derived from the tree 

 

To evaluate the fitness of a candidate, its expression is 
evaluated. The variables (x1… xn) are data from the 
microarray dataset. If the result of evaluating an expression 
is more than 0, it is classified as Class 1. Otherwise it is 
classified as Class 2. An expression is evaluated with data in 
the training set. The total number of the correct 
classification, C, is counted as the fitness value of the 
expression. The term 1/size is included as a penalty for a 
large solution and to encourage a compact solution. The 
higher fitness value indicates the better solution. The fitness 
function of GP-based classifier defined as follows: 

 

Size
Cfitness

1
      (2) 

 
 

IV. RESULTS 

To evaluate the performance of a classifier, we used a 10-
folds cross validation method. N records of data are divided 
into 10 groups equally, 9 groups are used as training set and 
one group is used as a test. We exchange a test data through 

10 groups and evaluate an expression in terms of its accuracy 
defined as follows: 

 

 𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃+𝑇𝑁

𝑁
 (3) 

 
where N is the total number of test cases, TP is a total 

number of affected subjects correctly classified, TN is a total 
number of normal subjects correctly classified, and TP+TN 
is the total number of subjects correctly classified. 

Due to the GA and GP are a randomize algorithm, the 
experiment is repeated and the result is reported from the 
average of 10 runs (using 10-folds cross validation method, 
the total number of experiment in each data set is 100). 

In the efficiency comparison of the GA- and GP-based 
classifiers, the parameters used in GA and GP are controlled 
as defined in Table 2.  

 

TABLE II.  PARAMETERS APPLIED IN THE EXPERIMENT 

Population size 50 

Maximum generation 1000 

Reproduction rate 10% 

Crossover rate 80% 

Mutation rate 10% 

 
 
The comparison of the efficiency of GA- and GP-based 

classifiers is shown in Table 3. 
 

TABLE III.  COMPARISON OF THE EFFICIENCY OF GA- AND GP-BASED 

CLASSIFIERS 

Classifier Data sets 

Lymphoma Leukemia Colon cancer 

Accuracy #gen Accuracy #gen Accuracy #gen 

GA-
based 

82.55 
+4.46 

69 89.58 
+1.88 

438 80.32 
+4.73 

978 

GP-
based 

81.91 
+4.40 

266 78.61 
+3.88 

763 74.83 
+5.39 

999 

 
 
From Table 3, we found that the GA-based classifier 

expressing solutions in fixed string format and classifying 
chromosomes by comparing the summation between two 
groups of gene is more efficiency for all 3 tested datasets 
than GP-based classifier expressing solutions in tree 
structure. Furthermore GA-based classifier found the 
solution quicker than GP-based when considering the 
number of generation.  

GP was developed from GA which both are evolutionary 
computation. The difference is the solution representation. 
Genetic Programming represents solution in tree structures 
instead of fixed strings. Although GP is more flexible to be 
applied, but GP takes more times in generating structures and 
solutions while GA takes times only in generating solution 
on fixed structure.  

 



V. CONCLUSION 

This paper presents the efficiency of GA-based classifier 
comparing with GP-based classifier in microarray binary 
classification. The tested datasets were Lymphoma, 
Leukemia and Colon cancer datasets. The experiment took 
10-folds cross validation method. The result shown that GA-
based classifier is more efficient to classify microarray in 
terms of classification accuracy and the number of 
generations. This is because even if Genetic Programming is 
more flexible, but in finding solution, GP took more times in 
finding the optimum structure.  
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