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ABSTRACT 
One of the major challenges is a small sample size as compared to large features (genes) number of microarray data. Feature 
selection is an important process for accurate classification of microarray data. This paper proposed a new combination of 
feature selection/extraction approach for the Naive Bayes (NB) classification of high dimensional cancer microarray data, 
which uses extraction technique such as Independent Component Analysis (ICA) and filtering technique Signal to noise ratio 
(SNR). The proposed method is divided into two stages. In the first stage the original DNA microarray gene expression data 
are modeled by ICA, SNR score is used to rank the ICA feature vector. To validate the efficiency, we apply the proposed 
method to the five different DNA microarray data sets for the experiment. The experimental results show that our method of 
gene selection obtains better classification result of NB classifier than other method. Which demonstrates that the proposed 
feature selection method can obtain more correct and informative gene subset in comparison with the simple ICA for NB 
classifier and accuracy increases up to 97.42 % for Acute leukemia data using the Gaussian distribution. 
 

Keywords: Feature selection, Independent component analysis (ICA), Signal to noise ratio (SNR), Naïve Bayes (NB), 
Classification. 
 

1. INTRODUCTION 
The genetic information of human beings is very 
helpful in cancer diagnosis.Cancer is a chronicle 
disability for which a group of cells undergoes 
uncontrolled growth. It demolishes the adjacent 
tissues and sometimes spreads to other locations in 
the body via lymph or blood. Various research 
efforts, including ones based on surgery, 
chemotherapy, radiotherapy, are being established 
to fight against cancer. Recent research [1, 2] has 
shown a profound impact on cancer disease via a  
gene expression profiles, obtained by microarray 
technology. Microarrays provide information about 
the expression level of genes represented on the 
array. In some cases correlations between the 

expression levels of a gene or a set of genes, and 
clinically relevant sub classifications of specific 
tumor subtypes have been examined [3, 4]. These  
inferences from observation shows that the true 
molecular classification and sub staging of multiple 
tumor types may be possible, leading to prognosis 
and patient management. Using microarray 
technologies while analyzing cancer cells, 
researchers have identified  subgroups of tumors 
that differ according to  types of tumor and 
histological  subclasses of tumor, exist among 
carcinogenic patients [5]. Microarrays can thus be 
used to help classify, and predict different types of 
cancers. Traditional methods for identifying cancer 



A Weighted-SNR Feature Selection from Independent Component Subspace for NB Classification of Microarray Data 

 
 

Rabia Aziz, et al.                                                                                                                                                   246 
 

cells are mainly based on its morphological 
behavior. However, sometimes it is extremely 
difficult to find clear distinctions between some 
types of cancers according to their appearances. 
Hence the microarray technology stands to provide 
a more quantitative means for cancer diagnosis [6]. 
Several machine learning methods are presently 
used for microarray data analysis. Two major 
challenges of Microarray data analysis are small 
numbers of microarray data samples are available 
from a small number of patients and curse of 
dimensionality, thousands or tens of thousands of 
genes. Many genes from the dataset contain 
irrelevant information for the accurate classification 
of disease. There is highly redundant and irrelevant 
information in dataset needed to be removed. To 
select a small and discriminative subset of genes 
from tens of thousands of genes is extremely 
difficult. Therefore, the feature (gene) 
extraction/selection becomes the most needed 
requirement for accurate classification. For this 
cause, many researchers have used different 
techniques to take a little subset of informative 
genes that can classify different subgroups of 
cancers accurately. So, the microarray classification 
process is a two stage process: feature selection and 
classification. Feature selection techniques reduce 
large dimensional data set into smaller gene set 
capable of distinguishing between infected and 
normal samples [7-9]. There are a large number of 
methods which have been built up and applied to do 
geneselection. A typical gene selection method has 
two parts - an evaluation criterion and a searching 
strategy. As many evaluation criteria and searching 
schemes already exist, it is possible to develop 
many gene selection methods by just combining 
different evaluation criteria and searching schemes. 
Since, many of these combinations of evaluation 
criteria and searching schemes actually perform 
similarly, it is sufficient to compare amongst the 
most commonly used combinations instead of all 
possible combinations [10]. There are three widely 
known feature selection approaches: filter, wrapper 
and embedded methods. Filter methods rank genes 
according to certain intrinsic characteristics of gene 

expressions with the class label. Filters are of two 
types, univariate or multivariate. The univariate 
filter considers intrinsic properties of each feature 
individually ignoring feature dependencies. T-
statistics, Chi- square, Signal-to-Noise ratio (SNR), 
Information Gain (IG), Gain Ratio (GR) are 
univariate filters. The multivariate filters take 
feature dependencies into consideration. Correlation 
based feature selection (CFS) is a multivariate 
filter. The wrapper methods interact with the 
classifier while gene ranking. In embedded methods 
the gene selection process is embedded in 
constructing classifier [11, 12]. The basic idea of a 
feature extraction is simply to transform a high-
dimensional feature vector into a low-dimensional 
space such that the transformed variables give 
information on the data which is otherwise hidden 
in the large data set. Principal Component Analysis 
(PCA), Linear Discriminant Analysis, independent 
component analysis (ICA) is some widely used 
feature extraction method. The success of feature 
extraction methods depends on the appropriate 
choice of best gene subset, two broad categories of 
feature subset selection are filter and wrapper [13]. 
In this paper, SNR ranking is being used to rank the 
most discriminant genes extracted by the ICA for 
classification. There have been many methods for 
performing the classification tasks such as decision 
tree induction, Bayesian classifier, k-nearest 
neighbor (k-NN), case-based reasoning, Naïve 
Bayes,  support vector machine (SVM), genetic 
algorithm, neural network, logistic discrimination, 
and quadratic discriminant analysis etc. In this 
study, Naïve Bayes classifiers are used for 
classification. The Naïve Bayes (NB) classifier is a 
simple Bayesian network classifier which is 
established upon the firm assumption that different 
attributes are independent with each other given the 
class of education.The two major restrictions that 
may seriously affect the successful application of 
NB classifier for microarray data analysis. The first 
is the conditional independence assumption rooted 
in the classifier itself, which is hardly satisfied by 
the microarray data  [14]. This limitation could be 
successfully resolved as the components extracted 
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by the ICA are statistically independent; therefore 
gene extraction by ICA could effectively improve 
the performance of a NB classifier for microarray 
data. Second limitation is that, all the attributes 
have an influence on the classification, hence the 
feature subset selection from the ICA feature vector 
improve the performance of a NB classifier during 
cross validation. It is therefore necessary to select 
genes to reduce the dimensionality of microarray 
data before applying a NB classifier [15]. 
In this paper, the features extracted by the ICA are 
ranked by the SNR-test of the DNA microarray data 
for NB classification. The proposed approach 
consists of two main steps, feature extraction by 
FastICA and extract feature ranked by SNR-test 
technique, which will be introduced in section 2. 
The next section explains the classification 
procedure of NB, followed by the details of used 
datasets and preprocessing step of datasets. Section 
5, represent the experimental results on five 
microarray datasets, which shows that the proposed 
approach can not only improve the average 
classification accuracy rates but also reduce the 
variation in classification performance of NB. 
Discussions and conclusions are presented in 
section 6. 
 

2. PROPOSED APPROACH: 
2.1. FEATURE EXTRACTION BY ICA: 
Independent Component Analysis (ICA), a 
computationally efficient blind source separation 
algorithm, ICA models, observations as a linear 
combination of latent feature variables, or 
components, which are chosen to be as statistically 
independent as possible, which was proposed by 
Hyvarinen  and has been proven successful in many 
applications [16]. The microarray data, observations 
consist of microarray gene expression 
measurements, and independent components are 
interpreted to be transcriptional modules that often 
correspond to specific biological processes. ICA 
has been widely used in a variety of biological 
inquiries, including identifying oscillating 
regulatory modules in yeast cell cycle data, 
investigating tumor-related pathways, classifying 

disease datasets, characterizing transcriptional 
regulators, identifying disease-specific biomarkers 
and examining response to bacterial infection 
successfully. Furthermore, ICA outperforms PCA 
and other unsupervised methods, in contrast to 
PCA, the goal of ICA is to find a linear 
representation of non-Gaussian data so that the 
components are statistically independent [17]. ICA 
provides a more biologically plausible model for 
gene expression data by assuming a non-Gaussian 
data distribution. ICA provides a data-driven 
method for exploring functional relationships and 
grouping genes into transcriptional modules. 
In the simplest form of ICA we observe that the 
expression levels of all genes are n scalar random 
variables x1, x2,..xn, which are assumed to be linear 
combinations of m unknown independent 
components S1, S2,… Smare mutually statistically 
independent and zero-mean. Let us arrange the 
expression levels  xj into a vector X = (x1, x2, ..., xn 
)T which are modeled as linear combination of m 
random variable S = ( s1, s2,… sm)T [18]: 
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Where X, is (n × m) matrixwhichdenote microarray 
gene expression data, with n genes and m samples, 
and )...,,.........1(, miija   in Xare some real ratio 

of intensities, represent the expression level of 
ithgenes in the jth sample, and number of genes are 
much greater than that of the sample m where, n >> 
m. This is a basic ICA model of microarray gene 
expression data. Since we assume that the observed 
variables are independent components, these are 
latent variable, which cannot be directly observed. 
Also the mixing matrix A is assumed to be 
unknown matrix. We only observe the random 
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variable xjand we estimate both the matrix S and A 
using X, since we can invert the mixing matrix as 
 

WXXASU  1 (3) 
 

Then ICA can be applied to find a matrix W that 
provides the transformation 

WXuuuU m  ,........., 21 of the observed matrix 
X under which, the transformed random variables 

muuu ,........., 21 called the independent components 
are as independent as possible.  
A fixed point algorithm is a computationally highly 
efficient method for performing the estimation of 
ICA for microarray data [19].It is based on a fixed-
point iteration scheme that has been found in 
independent experiments to be 10-100 times faster 
than conventional gradient descent methods for 
ICA. In the fixed point algorithm of ICA (FastICA), 
maximizing negentropy is used as the contrast 
function since negentropy is an excellent measure 
of nonguassianity and is approximated by   
 

)()()( uHuHuJ G                       (4) 
 

where uG is a Gaussian random vector of the same 
covariance matrix as vector u. Mutual information 
I, is known as natural measure independence of 
random variables; it is widely used as the criterion 
in ICA algorithm and can be measured by 
  

)()( uJuJiI i  (5) 
 

where iiii dsspspuJ )(log)()(   is the marginal 
entropy of the variable ui, p(.) is a probabilistic 
density function. The independent components are 
determined, when mutual information I is 
minimized. From equation (5) it is clearly shown 
that minimizing the mutual information I is 
equivalent to maximizing the negentropyJ (u). To 

estimate the negentropy of   xwu T
i  , an 

approximation to identify independent components 
one by one is designed as follows: 

2)}]({)}({[)( vGExwGEwJ T
G  (6) 

 

Where, G can be practically any non-quadratic 
function, E(.)denotes the expectation, and v is a 

Gaussian variable of zero mean and unit variance 
[20]. 
 

2.2 FEATURE SELECTION BY SNR 
TECHNIQUE: 

The SNR test is used to select the best feature 
subset from the ICA feature vector for good 
separability of the classification task. A central 
issue associated with ICA is,  generally extracted 
number of component which are equal to the 
observational variables m for which again 2m 
feature subsets exist [21]. The evaluation of all 
possible feature subsets leads to computational 
problem for large values of m. To solve this 
problem of identifying the most relevant gene 
subsets we applied SNR technique. In this paper, 
we use Signal-to-noise Ratio Score for ranking the 
genes which are extracted by ICA. 
The SNR score identifies the expression patterns 
with a maximal difference in mean expression 
between two groups and minimal variation of 
expression within each group. In this method genes 
are first ranked according to their expression levels 
using SNR test Statistic. The SNR is defined as 
follows: 
 

    )7(    ratio noise  toSignal 2121  
Here µ1 and µ2 denote the mean expression values 
for the sample class 1 and class 2 respectively. σ1 
and σ2 are the standard deviations for the samples in 
each class [22]. 

 

3. CLASSIFIERS: 
3.1 NAIVE BAYES CLASSIFIER:  
Naïve Bayes classifier is a simple probabilistic 
classifier based on applying Bayes theorem with 
strong independence assumption.Bayesian network 
classifier computes the posterior probability that the 
sample belongs to class H by using the Bayes 
theorem for multiple evidences as follows [23]: 
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Since it is difficult to compute the joint conditional 
probability in Eq. (8), two assumptions are often 
imposed to simplify the computation. One is that all 
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the features nE,...,E,E,E 321 are independent with 
each other given the class variable H. The other is 
that all the features are directly dependent on the 
class variable H. Thetwo assumptions make the 
computation of the joint conditional probability 
equivalent to the product of all the marginal 
conditional probabilities. With these assumptions 
the Bayes theorem can be written as: 
 

)9(
)E,...,E,E,E(

)()H |E(...)H |E()H |E()E,...,E,E,E |(
321

n21
321

n
n P

HPPPPHP 


Since )E,...,E,E,E ( 321 nP  is a common factor 
for a certain sample, it can be ignored in the 
classification process. In addition, since the 
attribute variables are continuous in microarray data 
analysis, we can use the probability density 
value )H|E ( if  to replace the probability 

value )H|E ( iP . The class-conditional probability 
density )H|. (f for each attribute and the 
prior )H (P can be obtained from the learning 
process. For the estimation of )H|. (f  we use the 
nonparametric kernel density estimation method 
[15, 24]. As a result, the general Bayesian classifier 
given by Eq. (8) can be simplified as the Naïve 
Bayes classifier given by Eq. (10). Figure 3 shows 
the simplified form of Baisen classifier as the Naïve 
Bayes classifier. 
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 Fig. 1: Naïve Bayes Classifier. 

4. DATASET: 
We evaluate the performance of the proposed 
feature selection approach on five publicly 
available microarray data sets of Colon cancer[25], 
Acute leukemia [26], and Prostate cancer [27], 
high-grade Glioma data [28], and Lung cancer-II 
[29] dataset, taken from  Kent ridge an online 
repository of high-dimensional biomedical data 
sets, (http://datam.i2r.astar.edu.sg/ datasets/krbd/ 
index.html) to study the cancer classification 
problem. Table 1 shows the five datasets with their 
properties. These datasets are preprocessed by 
setting thresholds and log-transformation on the 
original data. Threshold technique is mostly 
achieved by restricting gene expression levels to be 
larger than 20. In other words, the expression levels 
that  are smaller than 20 will be set to 20. 
Regarding the log-transformation, the natural 
logarithm of the expression levels is usually taken. 
In addition, no further preprocessing is applied to 
the rest of the dataset. After preprocessing the data, 
independent component analysis is performed on 
the gene expression data set. For ICA, the FastICA 
algorithm software package for Matlab (R2010a) is 
applied. Then SNR-test is used to rank the 
independent component feature vectors. For 
evaluating the performance of the proposed method 
using NB classifier, the dataset is classified with 
these reduced numbers of genes by using above 
mentioned classifier. The classifier and feature 
selection method was implemented with MATLAB 
software. 
Table 1: Summary of five microarrays the datasets. 

Data set No. of 
classes 

No. of 
features 

No. of 
samples 

Colon cancer (Alon et al., 
1999) 2 2000 62 

Acute leukemia (Golub et al., 
1999) 2 7129 72 

Prostate tumor (Dinesh Singh 
et al., 2002) 2 12600 102 

High-grade Glioma  (C.L. Nutt 
at al.,2003) 2 12625 64 

Lung cancer II (Gorden at 
al.,2002) 

2 12533 181 
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5. EXPERIMENTAL RESULT: 
To check the performance of the proposed approach 
with NB classifier, the above mentioned 
combination has been applied on the five DNA 
microarray gene expression datasets. Since all data 
samples in the five datasets have already been 
assigned to a training set or test set. The training 
dataset is used to do gene selection and then built 
the model for classification of the test dataset to 
evaluate the performances of classifiers. To 
demonstrate the efficiency and feasibility of our 
proposed method, the results of the other three gene 
selection methods for the same classifier are also 
computed for comparison. In method 1, all the 
features are extracted by principle component 
analysis for NB classification and the same is 
applied for method 2 except using ICA for feature 
extraction. Method 3 is similar to our proposed 
method where PCA is used with SNR for NB 
classification and in method 4 ICA with SNR. The 
classification for pure Naive Bayes classifier was 
not included due to its extremely time-consuming 
computations.  
 Due to the small sample size of microarray data 
Leave-One-Out Cross-Validation (LOOCV) 
accuracy rates are used to give a relatively 
comprehensive comparison of the performances of 
alternative methods. In LOOCV method of cross 
validation the number of partitions of data set is 
equal to the number of sample size (m). Each test 
set consists of a different singleton set and each 
training set consists of all (m−1) cases not in the 
corresponding test set. Given a dataset containing m 
samples, (m −1) samples are used to construct a 
classifier and then apply the remaining one data 
sample to test this classifier. By repeating this 
process of successively using each data samples (xi) 
as the testing data sample, totally m prediction ei = 
c(xi) (i = 1–m) are obtained. The performance of the 
classifier is then measured by the average 
misclassification rate: 
 
       
     

Where yi, is the true class label for instance xi, and 
 
 
 
 

A comparison between different methods on the 
different datasets has been shown in Table 2, Table 
3, Table 4, Table 5 and Table 6 respectively. It can 
be seen from Table 2-6 the classification accuracy 
of classifier with our proposed method compared to 
other three gene selection methods is more 
accurate, feasible and also reduce the variation of 
classification performance.So, the proposed 
approach improves the classification performance 
of the NB classifiers for microarray data. 
 
Table 2: Classification accuracy of NB classifier by 
using Gaussian distribution and Kernel density 
estimation for Colon cancer data. 
 

S. 
No. 

Classifier Method Mean 
accuracy 

Variance 

1. NB with 
kernel 
density  
estimation 

PCA+ NB 76.71 0.065 

2. ICA+ NB 80.19 0.062 
3. PCA+SNR+ 

NB 
85.33 0.032 

4. ICA+SNR+ NB 91.88 0.026 
1. NB with 

Gaussian 
distribution 
estimation 

PCA+NB 76.88 0.069 

2. ICA+ NB 79.81 0.059 
3. PCA+SNR+NB 81.65 0.036 
4. ICA+SNR+ NB 89.46 0.014 
 

Table 3: Classification accuracy of NB classifier by using 
Gaussian distribution and Kernel density estimation for 
Acute leukemia data. 

 

S. 
 No. 

Classifier Method Mean 
accuracy 

Variance 

1. NB with 
kernel 
density  

estimation 

PCA+ NB 77.66 0.067 

2. ICA+ NB 89.13 0.038 

3. PCA+SNR+ NB 92.53 0.029 

4. ICA+SNR+ NB 95.30 0.011 

1. NB with 
Gaussian 
distributio

n 
estimation 

PCA+NB 69.53 0.063 

2. ICA+ NB 85.31 0.061 

3. PCA+SNR+NB 95.62 0.029 

4. ICA+SNR+ NB 97.42 0.021 
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Table 4: Classification accuracy of NB classifier by 
using Gaussian distribution and Kernel density 
estimation for Prostate tumor data. 

 

Table 5: Classification accuracy of NB classifier by using 
Gaussian distribution and Kernel density estimation for High-
grade Glioma data. 

 

Table 6: Classification accuracy of NB classifier by using 
Gaussian distribution and Kernel density estimation for Lung 
cancer II data. 

In order to study the behavior of a proposed feature 
selection approach, we   applied it to the Colon, 
Leukemia, Prostate, High-grade Glioma and Lung 
cancer II data set for NB classification kernel 
density and Gaussian distribution estimation, a 
graph is plotted between the number of selected 
genes and classification accuracy rates. 

 
Fig.2: Number of selected genes V/s Classification 
accuracy, using NB classifier with kernel density and 
Gaussian distribution estimation of Colon cancer data, 
based on proposed method. 
 

Figure 2 shows the graph between the number of 
selected genes and the classification accuracy, using 
kernel density and Gaussian distribution estimation 
with NB classifier for colon cancer data based on 
the proposed gene selection method. Colon Cancer 
dataset consist of 62 samples with 2000 (genes) 
features of two classes. Here by ranking the gene 
with SNR-technique, we managed to enhance the 
mean classification accuracy significantly. The 
mean improvement in classification accuracy was 
verified by adding 10 genes, each time in training 
sets. The peak of the graphs shows the best means 
classification accuracy for Colon data sets. The best 
mean accuracy of a NB classifier with the proposed 
method was found 91.88 % and 89.46 % for 30 
selected genes with kernel density and Gaussian 
distribution estimation respectively.  

S. 
 No. 

Classifier Method Mean 
accuracy 

Variance 

1. 
NB with 
kernel 
density  

estimation 

PCA+ NB 77.73 0.110 

2. ICA+ NB 82.65 0.089 

3. PCA+SNR+ NB 84.63 0.066 

4. ICA+SNR+ NB 90.11 0.033 
1. 

NB with 
Gaussian 

distribution 
estimation 

PCA+NB 74.73 0.097 

2. ICA+ NB 79.45 0.087 

3. PCA+SNR+NB 87.62 0.055 

4. ICA+SNR+ NB 89.19 0.041 

S. 
N 

Classifier Method Mean 
accuracy Variance 

1. 

NB with 
kernel 
density  

estimation 

PCA+ NB 70.72 0.051 

2. ICA+ NB 74.21 0.047 

3. PCA+SNR+ NB 79.32 0.039 

4. ICA+SNR+ NB 81.21 0.037 

1. 

NB with 
Gaussian 

distribution 
estimation 

PCA+NB 70.88 0.039 

2. ICA+ NB 74.30 0.044 

3. PCA+SNR+NB 77.42 0.028 

4. ICA+SNR+ NB 79.33 0.025 

S. 
No. 

Classifier Method Mean 
accuracy Variance 

1. 

NB with 
kernel 
density  

estimation 

PCA+ NB 75.33 0.085 

2. ICA+ NB 81.12 0.093 

3. PCA+SNR+ NB 86.21 0.066 

4. ICA+SNR+ NB 92.23 0.026 

1. 

NB with 
Gaussian 

distribution 
estimation 

PCA+NB 82.54 0.060 

2. 
ICA+ NB 87.52 0.079 

3. 
PCA+SNR+NB 93.32 0.033 

4. 
ICA+SNR+ NB 96.52 0.010 
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Fig.3: Number of selected genes V/s Classification 
accuracy, using NB classifier with kernel density and 
Gaussian distribution estimation ofAcute leukemia 
cancer data, based on proposed method. 
 

Acute leukemia dataset consists of 72 samples with 
7129 genes of two classes. From figure 3, we can 
see the results of classification accuracy with the 
number of selected genes for leukemia dataset. As 
shown in Table 3, with this data set using kernel 
and Gaussian estimation for NB classifier with ICA 
feature vector, the highest mean accuracy obtained 
was 89.73% and 86.33%. When SNR-technique is 
employed to rank the independent components 
feature vector, to get 95.3% and 97.42% mean 
classification accuracies of NB classifier with 
kernel density and Gaussian distribution 
respectively. 

 

 
Fig.4: Number of selected genes V/s Classification 
accuracy, using NB classifier with kernel density and 

Gaussian distribution estimation of Prostate tumor cancer 
data, based on proposed method. 
 

Figure 4, shows the graph for the classification 
accuracy of the prostate cancer dataset with a 
number of selected genes using the SNR+ICA 
approach with NB classifier. The peak of the graphs 
shows those here, 40 genes for kernel density and 
50 genes for Gaussian distribution were used for 
best NB classification. It can be seen from the 
graph that the highest mean accuracies  was found 
90.11 and 89.19 (with the difference of 10 genes)  
for kernel density and Gaussian distribution 
estimation of  NB classification respectively. These 
results clearly show that the SNR-technique with 
ICA performs better than the other existing 
methods. 

Fig.5: Number of selected genes V/s Classification 
accuracy, using NB classifier with kernel density and 
Gaussian distribution estimation of High-grade Glioma 
cancer data, based on proposed method. 
High-grade Glioma dataset consist of 64 samples 
with 12625 genes of two classes. From this data set 
63 genes are extracted by FastICA from the training 
set. Figure 5, shows the classification accuracy 
graph of High-grade Glioma data by ranking of the 
genes with SNR-technique, using kernel density 
and Gaussian distribution estimation for NB 
classifier. The values of mean classification 
accuracy with the proposed method for kernel 
density and Gaussian distribution for NB classifiers 
are 81.21 % and 79.33 %, respectively, which is 
very low as compared to the accuracies of other 
datasets.  
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Fig.6: Number of selected genes V/s Classification 
accuracy, using NB classifier with kernel density and 
Gaussian distribution estimation of Lung cancer II 
cancer data, based on proposed method. 
 

In lung cancer-II data set there were 181 samples 
with 12533 genes. Figure 6 clearly shows the 
difference between the classification accuracies of 
this dataset using kernel density and Gaussian 
distributions for NB classifier. Interestingly, for 
both kernel density and Gaussian distribution gives 
highest mean classification accuracy of a NB 
classifier with the same number of selected genes. 
Classification accuracy of a NB classifier of this 
dataset with Gaussian distribution is more as 
compared with kernel density with the same 
number of 50 selected genes. 

 
Fig.7: Average error rate of NB classifier with kernel 
density estimation for the five datasets with different 
gene selection method. 

 
Fig.8: Average error rate of NB classifier with Gaussian 
distribution estimation for the five datasets with different 
gene selection method. 

Figure 7 and 8 shows the graph of the average error 
rate of a NB classifier with two Kernel function for 
the five datasets with different gene selection 
methods. It clearly shows from the figures that NB 
classifier with kernel density  performs better than a 
Gaussian distribution function because of the 
reduced error rate.  It is evident from the graph that 
when we use top ranked genes based on SNR-
technique from PCA then the percentage error rate 
is minimized, so the PCA+SNR - test method 
performs better than PCA method with NB 
classifier. Also from figure 7,8 see that  the 
proposed method ICA + SNR-test with NB gives 
the minimized error rate, which shows the 
significance of the proposed method with the other 
existing methods. 

 
 

6. CONCLUSION: 
This paper presents a SNR-test based feature 
selection approach in ICA feature vector for NB 
classification of microarray data where the 
methodologies involve dimension reduction of 
microarray data using ICA, followed by the feature 
ranking using SNR-test. The approach was tested 
by classifying five data sets. The experimental 
results show that our combination of gene selection 
methods of an existing algorithm together with NB 
classifier is giving better results as compared to 
other existing approaches. Our experimental results 
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on five microarray datasets demonstrate the 
effectiveness of the proposed approach in 
improving the classification performance of the NB 
classifier in microarray data analysis. It is also 
found that the proposed method can obtain better 
classification accuracy with a smaller number of 
selected genes than the other existing methods, so 
our proposed method is effective and efficient for 
NB classifier. 
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