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Abstract—Microarray technology is a widely accepted for 

cancer subtype detection. Microarray gene expression data being 

a very high dimensional data, the greater challenge for 

microarray analysis is to identify the optimal set of genes for the 

purpose of classification. In this paper, we suggest a combination 

of ratio of mean values of a particular gene of both the classes, t- 

statistics and standard deviation to obtain the optimal subset of 

genes. The size of this data is further cut down with the help of 

wavelet transform. Finally, the classification is performed using 

neural network algorithms. 

Index Terms—Discrete Wavelet Transform, Principal 

component analysis, Resilient Back Propagation Algorithm, 

Support Vector Machine, Error Back Propagation Algorithm. 

I .INTRODUCTION  

Various reasons like genetic factors, use of tobacco, certain 

types of infections lead to mutations in the genes and causes 

the uncontrolled growth of abnormal cells in a human body. 

This in turn results into benign or malignant cancer. To lessen 

the death rate of cancer patients it is important to recognize the 

cancer subtype accurately, which maximizes the efficiency of 

the cancer therapy. [1]. The microarray cancer gene expression 

data set comprises a matrix of data, in which one cancer sample 

is identified by a column and the expression value of a specific   

gene of different samples is specified by a row.    

To perform the microarray based cancer sub-classification, 

the optimum subset of genes is derived from original high 

dimensional microarray data using various methods [2] like 

filter [3], [4], [5], wrapper [6], [7], [8] embedded [9], [10], [11] 

hybrid [12], [13], [14] and Ensemble methods [15], [16], [17]. 

Alternatively, the dimension of microarray data can be reduced 

by converting the microarray signal into different domain using 

discrete cosine transform, Principal component analysis [18], 

discrete wavelet transform (DWT) [19] etc.  

For a particular type of cancer using the expression values 

of marker genes of respective cancer can be used for the 

classification. It always does not lead to precise recognition of 

cancer subtype [20]. 

The subset of genes obtained by the above mentioned 

methods can be used for cancer classification. The different 

classification algorithms used are, K-means clustering, support 

vector machines (SVM) [21], [22], error back propagation 

algorithm (EBPA) [23], Naïve Bayes [24] etc.  

 

 

Heba [25] has utilized 8 gene selection techniques like, t-

statistics, information gain, etc. The classifiers used are 

Random forest algorithm, SVM and K-mean clustering. For 

GDS1975 data sets, the maximum classification accuracy 

attained is 94.59%. 

Every method suggested [3-25] has its advantages and 

disadvantages. However, there is possibility for enhancing 

accuracy of cancer classification using microarray analysis. 

In the proposed work , we  have introduced  a system for 

the classification of glioma grade III and grade IV datasets- 

GDS1975, downloaded from Gene Expression Omnibus 

Database [26], [27]. We propose to obtain the subset of 

informative genes using ratio of average values of both classes, 

t-statistics and standard deviation. The dimensions of 

microarray data are further reduced by converting signal into 

frequency domain with the help of discrete wavelet transform 

(DWT). It is proposed to perform the classification using 

Resilient back propagation algorithm (RPROP) and conjugate 

gradient algorithms.  

In the following, Section II describes the method for 

extracting the required gene subset, section III shows the 

details of the DWT, section IV describes various classification 

algorithms and implementation is described in section V, 

followed by result analysis in section VI.   

II. FEATURE SELECTION  

Number of methods can be used to select the subset of 

genes for classification. In one of the method, the ratio of 

average intensity for a particular gene of one class with that of 

the other class can be used to select the genes. For the genes 

up regulated by some value the ratio will be above one and for 

genes down regulated by same value as that of up regulated 

genes the ratio will be between 0 and 1. Application of log 

transform (base 2) to the ratio, yields the ratio of same 

magnitude but opposite sign. The genes whose magnitude of 

logarithmic transformed ratio more than one can be considered 

for classification.  

In the second method, according to t-statistics the t value 

can be calculated for all genes by using the formula given 

below [28] 
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where,   

for a particular gene,  

= average intensity for class 1  

 = average intensity for class 2 

= variance of class 1  

= variance of class 2 

 = number of samples in class 1 

 = number of samples in class 2. 

For a given gene, higher the difference between average 

values and smaller the variance of both classes, larger will be 

the t value. Following this, the ambiguity in the classification is 

resolved by calculating probability that the gene is not affected 

by cancer using statistical method [28]. The negative of 

logarithmic transform (base 10) of probability (p) can be 

calculated as given by the formula, 

 

                                  Eq.2 

 

 The genes having the q value above some particular value 

can be considered for further processing. Also the subset of 

genes can be refined by considering genes with less standard 

deviation for both the classes.  

III. DISCRETE WAVELET TRANSFORM 

In the case of signal analysis DWT plays, an important role. 

It offers number of advantages like multi resolution analysis, 

sub band coding etc. The DWT decomposes the signal into 

low and high frequency coefficients by successively passing it 

through high pass and low pass filter. The low frequency 

(approximation) coefficients  and the high frequency 

(detailed) coefficients c   at each level are given as 

below: 

 

     Eq.3 

  

     Eq.4 

 where, 

 = Impulse response of high pass filter 

 = Impulse response of low pass filter. 

 = translation parameter. 

 = level of decomposition 

N= number of wavelet coefficients. 

 The approximation coefficients or detailed coefficients can 

be used for the purpose of classification [29]. 

. 

IV. CLASSIFICATION ALGORITHMS  

Artificial neural network has an ability to handle highly 

nonlinear and chaotic data. It can be efficiently used for 

classification of such data.  

A) Error Back Propagation Algorithm (EBPA): 

For multilayer neural network, one of the most commonly 

used classification algorithms is EBPA. In the case of EBPA, 

the individual weight change is made proportional to the 

gradient of error curve. The equation for the individual weight 

update for EBPA is given as, 

 

                Eq.5 

Where, 

 = new weight  

 = weight at the previous instance 

 = learning constant 

 = expected output of neuron 

 = actual output of neuron  

= derivative of actual output of neuron.  

For large values of inputs, the output of neuron increases 

and derivative of the output decreases. Hence the weight 

change decreases for a large difference between the input and 

the output. It disturbs the accuracy of classification. RPROP 

algorithm efficiently deals with this problem. 

B) Resilient Back Propagation Algorithm: 

In the weight update process, RPROP algorithm considers 

the sign of the derivative of error. The amount of weight 

update is raised (lowered), if the sign of the derivative of the 

error in two consecutive epochs remains same (dissimilar). 

The weight update is kept same, in case the derivative of the 

error diminishes to zero. [30]. 

C) Conjugate Gradient Back Propagation Algorithms: 

     In order to reach the global minimum of error curve, EBPA 

implements a linear search. The next search direction is 

orthogonal to the former search direction. In the case of 

Conjugate gradient algorithms the new search direction is A-

orthogonal to previous search direction [31]. It results in faster 

speed of conjugate gradient algorithms. The next search 

direction is calculated as  

 

Eq.6
 Conjugate gradient back propagation with Polak-Ribiére 

update algorithm calculates ‘r’ as [32], [33]. 
 

 
 where, 

 = former gradient energy 

= current gradient energy   

Conjugate gradient back propagation with Fletcher-Reeves 

update algorithm calculates ‘r’ as [33], [34]. 
 

Eq.8 

Eq. 7 

Eq. 1 
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When the number of epoch becomes the same as the number 

of neural network parameters, conjugate gradient algorithms 

completes the classification. The search direction is reset, in 

case, the algorithms fails to converge with above mentioned 

condition. The conjugate gradient back propagation with 

Powell-Beale restarts algorithm resets the search direction, 

when there is hardly any orthogonality left between the 

consecutive gradients [33], [35],[36].  

 V. IMPLEMENTATION 

In the proposed classification, there are 26 samples of glioma 

grade III and 59 samples of glioma grade IV.  

 The ratio of mean intensity values of grade III with respect 

to grade IV is calculated. The logarithm (base2) of the ratio is 

calculated. Then t value is calculated for each gene using t 

statistics formula as explained in section II. Then using 

statistical technique, the probability that the gene is not 

affected is calculated. For every gene the q value is calculated 

as explained in section II. The genes having log (base2) 

transformed ratio of average of both classes more than one, q 

value more than one and standard deviation less than 500 for 

both the classes are considered for further processing. The data 

is normalized and wavelet transform is applied to the data 

using wavelet transforms Bior2.4, Bior1.3, Sym4, Sym2, Db4, 

and Db2. The wavelet transformed data is   used for 

classification. Finally the classification is implemented using 

classification algorithms like RPROP and Conjugate gradient 

algorithms.  The performance of different wavelets and neural 

network algorithms is compared.  

VI. RESULT ANALYSIS  

The results for GDS1975 microarray gene expression 

dataset, without using DWT, using approximation (Approx.) 

and detailed (Det.) wavelet coefficients at level 1 as input for 

different neural network algorithms are as shown in Table I. 

 

TABLE I.GDS1975 DATASET 

CONCLUSION 

The combination of ratio of means, t-statistics and standard 

deviation along with wavelet transform shows considerable 

decrease in the size of GDS 1975 dataset. RPROP algorithm 

with Bior1.3 and Bior2.4 wavelets gives 100% classification 

accuracy. The 100% classification accuracy is achieved using 

25 genes as opposed to classification accuracies obtained using 

the methods suggested by Heba [25] .The blend of type of the 

wavelet and the neural network algorithm that gives the 100% 

classification accuracy largely depends on the nature of the 

data for the specific data set. 
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