
00011 
 

1

  
Abstract— Microarray data is widely used in bioinformatics. 

The microarray data presently consists of a small and high 
dimension data. It is very complex and difficult to analyze. There 
are many methods to reduce the dimension of data. The feature 
set is selected by ranking of features according to some scoring 
metric. The number of features that gives the best result in an 
analysis is not known. In this paper, we proposed a method using 
perceptron learning rule for selecting an optimal feature set 
based on SNR ranking. The experimental results show that the 
proposed method discovers a feature set and provides the best 
result for the classifier. Furthermore, the results indicate that 
increasing the number of features may reduce performance of 
the classifier. 
 

Index Terms— Genetic Programming (GP), feature selection, 
classifier, microarray.  
 

I. INTRODUCTION 
NA microarray technique is a popular method in 
bioinformatics. This technique presents gene expression 

data in a different environment in the same organism, or a 
different expression in the same gene for different organism. 
In addition, it can investigate thousands of genes 
simultaneously. 
 Many researchers use microarray technique to specify and 
identify cancer [1, 2]. As a result, there are many researches 
using these data for classification and clustering. Such 
researches aim to improve effectiveness of the model [3 - 7]. 
 The microarray data has high dimension. Any learning 
algorithm that deals with high dimensional data will consume 
a large computational resource. Also, some features may 
contain noisy data. Therefore, if we used all of dimensions of 
data, performance and efficiency of the model may decrease. 
There are many researches that study feature selection 
methods [8 - 12]. Such methods aim to rank features by some 
scoring metric or finding subset of features with respect to 
classifiers. 
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 This work proposed a method that find an optimal feature 
set and maximize an effective model for learning algorithm. 
The method uses the perceptron learning rule with SNR 
ranking of features to find a hyperplane which can classify 
sample data correctly. Perceptron learning is quite fast hence 
it is suitable to be used to process large amount of data. The 
classifier used in this work is Genetic Programming Classifier 
from [7]. 

The paper is organized as follows: Section II presents 
background knowledge. Section III describes the data and 
method implemented in this research. Section IV shows the 
result of the experiment. Discussion and conclusion are 
presented in Section V.   

 

II. BACKGROUND 

A. DNA Microarray Data 
DNA 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. DNA 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 
DNA microarray technique is shown in Fig.1. The expression 
level of genes is defined as follows: 

 

gene_expression = 
)3(
)5(log 2 CyInt

CyInt   (1) 

 
 where Int(Cy5) and Int(Cy3) are the intensities of red and 
green colors which scanned after the hybridization of the 
samples with the arrayed DNA probes. 
 

B. SNR Feature Selection 
SNR (Signal-to-Noise Ratio) is a statistical method that 

measures effectiveness of feature in identifying a class out of 
another class. Many researches reported that SNR feature 
selection provided the best result for classification [9-12]. The 
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signal-to-noise ratio is defined as follows: 
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where µ 1 and µ 2 denote the mean expression level for the 

samples in class 1 and class 2 respectively. σ 1 and σ 2 
denote the standard deviation for the samples in each class. 

 

C. Perceptron Learning Rule 
A perceptron is a type of artificial neuron networks. A 

structure of perceptron is shown in Fig.2.  It takes a vector of 
real-value inputs, calculates a linear combination of these 
inputs, and then outputs a 1 if the result is greater than some 
threshold and -1 otherwise. The output o(x1,…,xn) given input 
x1 through xn is defined as follows: 
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where each wi (weight) is a real-value constant that 
determines the contribution of input xi to the perceptron 
output. 

The initial weight (wi) is assigned randomly. Using training 
data, wi is updated when misclassification occurs in each 
training data. An updated weight defined as follows: 

 
iii www ∆+←     (4) 

where 

ii xotw )( −=∆ η     (5) 

 

 t is the target output for the current training example, o is 
the output generated by the perceptron, and η  is the learning 
rate – a small positive constant (e.g., 0.1). 

This process is repeated until training data is classified 
correctly, or reaches the maximum epoch defined by users. 
The detail of perceptron is described in [13]. 

 

D. Genetic Programming 
Genetic Programming [14] is a search method that imitates 

natural evolution. It is developed from Genetic Algorithms 
[15] and is differed by the way the solution is represented in a 
tree structure instead of a fixed length binary string. The 
solution comprises of nodes from a function set and a terminal 
set. A function set is a set of operators designed for the 
problems such as arithmetic operators, logical operators, 
control functions, etc. A terminal set is a set of operands of 
function such as constant, variable, etc. The algorithm of 
Genetic Programming is shown as follows: 

 
Fig.1. The process of DNA microarray technique 

 

 
Fig.2. A structure of perceptron 

 
1. Generate an initial population of solutions. 
2. Evaluate each solution by a fitness function. 
3. If the termination criterion is not met 

3.1 Create a new population by genetic operators 
- Reproduction 
- Crossover 
- Mutation 

3.2 Go to 2. 
4. Return the solution with best fitness value. 

 
1. Generate an initial population of solutions  

 The initial solutions are created. The structure of a solution 
is a tree. 
 2. Evaluate each solution 

Each solution is evaluated to determine its fitness. The 
evaluation function, called "fitness function", is an important 
element in Genetic Programming. The fitness function is 
problem specific. For example, for a symbolic regression task, 
the fitness function usually is the minimization of prediction 
error in the training set. Each solution will have a measure of 
goodness associated with it. 

3. Create a new population 
Genetic operations on the population have the goal of 

generating a new population that has better quality. There are 
three genetic operators: reproduction, crossover, and mutation. 

Reproduction: A number of good solutions are selected 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 
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"offspring". 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. The subtrees from parents are 
exchanged. This process creates two new offspring (Fig. 3). 

Mutation: To encourage exploration of different solutions, 
the mutation operator changes some part of a solution 
randomly. A part is mutated by replacing it with a small 
random tree (Fig. 4). 

These steps are 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 result from each run is different as the search for a 
solution is probabilistic and the solution for this problem is 
not unique. 

 

III. METHODS IMPLEMENTED 
In this research, we used the lymphoma cancer microarray 

data (see detail of this data in section A). The features of data 
were ranked by SNR method (e.q.2). A set of feature was then 
selected using perceptron learning rule. After that, the data 
with these features were tested by the Genetic Programming 
Classifier from [7]. The overall process is shown in Fig.5. 

 
A. Lymphoma Cancer Data 

 In this research, we used the data generated by Alizadeh et 
al. [1]. The data consisted of 63 cases (45 DLBCL and 18 
normal) described by the expression level of 380 genes, which 
were used in [3, 4, 7]. The full data and experimental methods 
are available on the web of Alizadeh et al. 
(http://llmpp.nih.gov/lymphoma) 

 
B. Finding Feature Set 
Initially, the features of data were ranked by SNR which is 

defined in equation 2. Starting with one feature, the 
perceptron learning rule was applied to classify the training 
data. The process is repeated by increasing the number of 
feature by one until the data is classified with 100% 
correctness. The parameter used in perceptron learning rule is 
shown in Table I. The process of optimizing subset of features 
is shown in pseudo code as follows: 

 
1. Sorting features by SNR. 
2. Let S = the first feature. 
3. Classify training data by perceptron with S 
4. If the data is classified correctly go to 5. 
 Else 
   4.1 Add the next feature into S. 
   4.2 Go to 3. 
5. Return S. 

 

 
Fig.3. Crossover operator 

 

 
Fig.4. Mutation operator 

 
 

C. Genetic Programming Classifier 
A classifier is represented by a classification tree. The tree 

represented an arithmetic expression (Fig.6). 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 a number of 
variables defined as follows: F = {+, -, *, / } and T = { 0.. 9, 
x1.. xn }. The variables represent the features. The parameters 
used in this experiment are shown in Table II. 

To evaluate the fitness of a candidate, its equation is 
evaluated. The variables (x1.. xn) are from the DNA 
microarray data. If the result of evaluating an equation is more 
than 0, it will be classified as Class 1. Otherwise it will be 
classified as Class 2. An equation is evaluated with data in the 
training set. The total number of the correct classification, C, 
is counted as the fitness value of the equation. 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 defined as follow: 

 

Size
Cvaluefitness 1_ +=   (6) 

 
TABLE I. 

THE PARAMETER USED IN PERCEPTRON LEARNING RULE 
Initial weight (wi) 0.5 
Learning rate (η) 0.1 

Epoch 100 
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Fig.5. The overall process in this research 

 
 

TABLE II. 
THE PARAMETERS USED IN A GENETIC PROGRAMMING CLASSIFIER 

Population Size 1,000 
Maximum Size of Tree 500 
Maximum number of Generation 500 
Reproduction Rate 10% 
Crossover Rate 80% 
Mutation Rate 10% 

Termination Criteria 
Correctly classify the training data 
100% or exceed the maximum 
number of generations 

 

 
Fig.6. (left) The tree represented an arithmetic equation 

(right) The equation derived from the tree 
 
 

To evaluate the performance of a classifier, we used a 
method known as round robin or leave one out method [16]. 
There are N records of data, N-1 records are used as training 
set and one record is used as a test (in our experiment, N is 
63). We exchange a test data through to N records and 
evaluate an equation in terms of its accuracy, sensitivity and 
specificity which are defined as follows: 

 

N
TNTPAccuracy +

=      (7) 

 

FNTP
TPySensitivit
+

=     (8) 

 

FPTN
TNySpecificit
+

=    (9) 

 
where N is a total number of tested cases, TP is a total 

number of DLBCL subjects correctly classified, TN is a 
total number of normal subjects correctly classified, FP is a 
total number of normal subjects classified as DLBCL and 
FN is a total number of DLBCL subjects classified as 
normal. 

Accuracy indicates the effectiveness of a classifier for 
classifying all data correctly. Sensitivity indicates the 
effectiveness of classifier to classify DLBCL data correctly. 
Specificity indicates the effectiveness of a classifier for 
classifying normal data correctly. 

 
 

IV. EXPERIMENTAL RESULT 
 

A.  SNR Feature Selection 
To confirm that SNR feature selection can improve the 

performance of classification, we perform the experiment 
based on previous study which used a set of feature defined 
by expert. The set of gene consists of 13 features in 5 genes 
included: CD10, BCL-6, TTG-2, IRF-4 and BCL-2 which 
have important role. Comparing with 13 genes selected by 
SNR feature selection, the experimental result is shown in 
Fig.7. The result is reported from the average of 5 runs. The 
result indicated that SNR feature selection can provide 
better performance. 

 
B. Subset feature selection using perceptron learning rule 
Using perceptron learning rule, the experiment is 

implemented with Matlab 7 running on 2.6 GHz PC. The 
result is shown in Table III. It indicates that the first 8 
features are sufficient for classifier. Table IV shows the 
details of 8 features selected with their weights and SNR 
scores. The time used in this phase is 3.078 seconds. 

1
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Fig.7. Comparing of genetic programming classifier performance with 
difference feature selection. The vertical axis represents the percent of 

correctness of classification of the test data using leave one out method. 
 
 

TABLE III. 
THE RESULT OF PERCEPTRON TRAINING 

Number of features epoch Misclassified in training 
data (%) 

1 100 12.69 
2 100 12.69 
3 100 11.11 
4 100 7.93 
5 100 11.11 
6 100 6.34 
7 100 6.34 
8 34 0 

 
 
 

TABLE IV 
THE DETAIL OF 8 FEATURES SELECTED WITH WEIGHT SNR SCORE 

Gene ID Gene annotation Weight 
21

21

σσ
µµ

−
−

=F
 

GENE122X 

*Id2=Id2H=Inhibitor of DNA 
binding 2, dominant negative 

helix-loop-helix protein; 
Clone=324873 

-0.34 0.924 

GENE341X 

*ZFM1=signal transduction and 
activator of RNA (STAR) 

transcription factor=splicing 
factor SF1; Clone=701059 

0.307 0.852 

GENE183X *IL-4 receptor alpha chain; 
Clone=714453 -0.923 0.809 

GENE336X 
*Unknown  UG Hs.96731  

huntingtin interacting protein-1-
related; Clone=1334485 

0.319 0.796 

GENE363X *KIAA0151=serine/threonine 
kinase; Clone=364448 -0.241 0.789 

GENE185X *IL-4 receptor alpha chain; 
Clone=701796 0.775 0.780 

GENE117X *Unknown  UG Hs.225061  
ESTs; Clone=683979 -0.111 0.779 

GENE339X *SIAH-2=Seven in absentia 
homolog 2; Clone=1302022 0.444 0.765 

  w0 = -0.5  
 
 
 
 

C. Performance Study by Vary Number of Feature on 
SNR Ranking 

In the experiment, we found that 8 features are sufficient for 
classification with hyperplane generated by perceptron. We 
then perform an experiment by varying number of features 
with 1, 4, 8, 13, 20, 30 and 50 features. The result is average 
from 10 different runs. The accuracy and sensitivity values 
are peak at 8 features. The sensitivity is peak at 20 features. 
It supports the hypothesis that 8 features provide a good 
result. These results are shown in Table V and Fig.8. Fig.9. 
shows standard deviation of these results. The standard 
deviation increases when the number of feature is increased 
especially the accuracy. 
 

 
TABLE V. 

ACCURACY, SENSITIVITY, SPECIFICITY AND STANDARD DEVIATION OF THE 

RESULT WHEN VARYING THE NUMBER OF FEATURES 
Number of features Type of 

measurement 1 4 8 13 20 30 50 

Accuracy 79.7
±1.5 

82.5
±3.5 

88.6
±2.6 

87.8
±3.4 

88.0
±2.6 

85.9
±4.0 

86.2
±4.8 

Sensitivity 83.0
±1.1 

86.4
±2.5 

89.2
±4.2 

88.5
±5.7 

88.1
±3.6 

87.0
±4.7 

86.2
±4.9 

Specificity 71.0
±5.2 

73.7
±8.1 

86.4
±7.2 

86.3
±7.3 

88.0
±6.0 

83.3
±8.5 

85.9
±5.3 
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Fig.8. Percent of accuracy, Sensitivity and Specificity when varying the 

number of features 
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Fig.9. Standard  deviation of accuracy, sensitivity and specificity 
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V.  DISCUSSION AND CONCLUSIONS 
The experimental results suggested that a perceptron can 

select an optimal set of feature with SNR ranking. This 
feature set is used with Genetic Programming Classifier to 
achieve a good result in term of accuracy, sensitivity and 
specificity.  

The results also indicated that the standard deviation of 
the accuracy is increasing when the number of feature is 
increasing, while the percent of accuracy is also decreasing 
slightly after eight features. Therefore, increasing the 
number of feature does not yield a better result. 
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