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Abstract: Classification of microarray data with high dimension and small sample size is a complex task. This work explores
the optimal search space appropriate for classification. Here the crush of dimensionality is handled with a two stages feature
selection technique. At the first stage, statistical measures are used to remove genes that do not contribute for classification. In
the second stage, attributes are arranged in a non-increasing order of signal to noise ratio (SNR). The number of attributes to
be considered from this stage is a challenging task. Selection of very few numbers of genes may not help representing the
properties of each class properly, while selection of a large numbers of genes also leads to diminishing classifier performance.
A set of four classifiers such as artificial neural network, naïve Bayes, k-nearest neighbor, multiple linear regression classifier
and ten microarray databases are considered for this experimentation. For each microarray data and for each classifier,
selection for different set of genes improves the performance. However, the analysis shows that a favorable set of genes can be
suggested to improve performance and another set of genes can be suggested to avoid which degrades the performance.
Keywords: Microarray, Classification, feature selection.
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1. Introduction
Classification of microarray data is one of the important tasks
of microarray data analysis Given a set of previously
classified examples, (for example, different types of cancer
classes such as AML and ALL), a classifier finds a rule that
allows to assign new samples to one of the above classes [1].
To design a classifier model, sufficient number of sample is
required to train the model. But in microarray data the
number of samples are much less (within hundred) in
comparison to the number of attributes (in the range of tens
of thousands) [2]. The analytical precision of such high
dimensional data gets influenced by its dimensions. It is
therefore highly essential to reduce the dimension/genes of
the dataset in such a way that the remaining genes can
contribute significantly in designing the classifier. In fact
prior to developing any type of model for any category of
task of microarray data analysis, dimensionality reduction is
almost mandatory. Feature selection (variable elimination)
helps in understanding data, reducing computation
requirement, reducing the effect of curse of dimensionality
and improving the predictor performance and produce a list
of genes whose expression is known as differentially
expressed genes. So identification of differential gene
expression is the first task for microarray analysis [3].
Several feature selection techniques are developed to address

the problem of reducing genes but identifying an appropriate
feature reduction technique is challenging in microarray data
analysis. This is due to the presence of enormous number of
genes compared to the number of samples. Some of the genes
have strong relevance (always represents the optimal subset),
some other genes have weak relevance (sometimes represents
the optimal subset) and rest of the gens are irrelevant that are
not at all required. Therefore, it is significant to extract the
informative genes from the original data. Gene expression
data may contain thousands of genes that are highly
correlated, one feature out of the several correlated feature is
good enough to represent the data. The dependent variables
provide no extra information about the classes and thus serve
as noise for the predictor. This means that the total
information content can be obtained from fewer unique
features which contain maximum discrimination information
about the classes. Hence by eliminating the dependent
variables, the amount of data can be reduced. If the original
data is experimented with the classifier, then its performance
degrades drastically [4], [2]. In some applications, variables
which have no correlation to the classes serve as pure noise
might introduce bias in the predictor and are not encouraged
to allow to the classifier. This can happen when there is a
lack of information about the process being studied. By
applying feature selection techniques we can gain some
insight into the process and can improve the computation
requirement and prediction accuracy. So before classification
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identification of relevant or significant genes is important.
Therefore an ensemble feature reduction and classification
model can be used for efficient processing of microarray
data. Further, in case of unsupervised feature reduction, it is
very difficult to decide the optimal size of the features which
should be preserved for designing efficient models for
classification.
In this paper a two stage feature selection technique for
microarray data classification is used [5] with an objective to
determine suitable set of features that maximizes the
efficiency of the classifier.
Rest of the paper is organized as follows. Recent work on
microarray data analysis is described in Section 2. Two stage
feature selection approach is explained at Section 3. Basics
of different classifiers used are presented at Section 4.
Simulation results and analysis is presented in Section 5. The
paper is concluded with Section 6.

works for microarray data classification are an evolutionary
approach [19] using Genetic Algorithm (GA) and k-NN gene
reduction and classifier combination for colon data analysis,
gene markers identification through Neural Networks [20],
chronological feature extraction approach through Naive
Bayes [21].

3. Two Stages Feature Selection Scheme

Microarray
Database

Stage1 (Removal of
Irrelevant Features)

Microarray Data with
Reduced features

Stage2 (Removal of
Noisy Features)

2. Literature Study
Figure 1: Two stage feature selection model

Several attempts were made by researchers to improve the
effectiveness and efficiency of the classifier for microarray
data analysis. In many literatures it is observed that the
classification accuracy falls due to the high dimension of
microarray data. Here the number of available training
sample is too small as compared to the number of genes and
processing of such data leads to high computational cost and
memory usage. It is pointed out at [6] that reduction of
dimension (or genes) is prerequisite for classification in
microarray datasets. The microarray data often contains noisy
information and the sources of noise are multiple. A
hybridized SNR/SVM approach is proposed in [7] for
leukemia data classification. Here SNR is used to eliminate
the noisy data and shows accuracy with 94.1%. Different
methods were proposed to extract the gene expression
module to identify the functionally related genes for
microarray data [8-10]. One common method, principal
component analysis (PCA), provides a representation of
microarray data in terms of a set of linearly uncorrelated axes
[11, 12]. While PCA can identify interesting biological
information, its linear transformation involves only second
order statistics, PCA may miss more complex relationships
between genes [13]. For tumor classification D. V. Nguyen,
and D. M Rocke, [14] show the efficiency of Partial least
square over PCA for high dimensional data reduction. Kim et
al. [15] proposed a novel method based on an evolutionary
algorithm (EA) to assemble optimal classifiers and improve
feature selection. Here EA is improved with a better
encoding scheme for chromosome and produced a
competitive result as compared to other feature selectionclassifier pair. Patil & Kumaraswamy [16] proposed an
artificial neural network based approach for heart attack
prediction. They applied K-Means algorithm to extract the
informative data for prediction. Resul & Abdulkadir [17]
proposed a heart disease diagnosis method using neural
network and produces 89.01% accuracy and sensitivity and
specificity value 80.95% and 95.91% respectively. In [18] a
sequential feature selection method (a multistage regression
technique) is used and is applied to the Naïve Bayesian
network to classify different microarray data. Other similar

In two dimension feature selection technique, the number of
genes in microarray data is reduced in two different stages.
Stage1:
In the 1st stage on analysis of the datasets, it is observed that
the values of the genes in some of the attribute are highly
similar irrespective of the class labels. The dissimilarity in
the feature value belonging to different class contributes to
design any classifier model. Therefore less dissimilar genes
can be considered less important for the task of classifier
design and may be excluded. In this stage the standard
deviation of the attribute is evaluated. The attributes with
high dissimilarity are allowed to remain in the database and
other attributes are removed. Comparing the standard

deviation values of different attributes, a threshold value  is
fixed. All the genes having standard deviation value less than
that of threshold value are eliminated from the microarray
dataset. The remaining database is referred as dimensionally
reduced microarray database1 (DRMD1).
Stage2:
After removal of irrelevant genes at stage1, it is observed that
DRMD1 contains significant number of attributes which can
be considered as noise for developing a robust classifier
model. So in the 2nd stage signal to noise ratio (SNR)
technique is used to measure the level of desired signal to the
level of background noise. 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 [22]. In this method genes are
first ranked according to their expression levels using SNR
test statistic. The SNR is defined as follows:

SNR( j ) 

(µ- j - µ  j )

( - j -   j )
Where SNR(j) is the signal to noise ratio of jth
attribute, µ - j and µ  j is the mean value of jth attribute that
belongs

to

negative

class

and

positive

class

respectively.  - and   are the standard deviations of jth
j
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attribute for the respective classes. The higher SNR value
indicates that more valuable signal than that of the noise. A
predefined number of attribute with higher SNR value are
selected and the reduced data is termed as dimensionally
reduced microarray database2 (DRMD2).

4.2 Artificial Neural Network
Back Propagation Artificial Neural Network is one of the
most widely used neural networks. It is a single-direction
multilayer neural network that contained of input layer nodes,
output layer nodes and one or more layers of hidden nodes.
The information transfer from nodes to nodes of different
layers and the degrees of the connections are controlled by
the connection weights. The network is trained using back
propagation algorithm and optimizes connection weights. It
always uses the sigmoid activation function in the hidden
layers and output layer. The error in the network is calculated
as

4. Classification Techniques
Many machine learning methods have been introduced into
microarray classification to attempt to learn the gene
expression data pattern that can distinguish between different
classes of samples in the recent years. This methodology has
two phase (i) dimensionality reduction using 3 stage feature
reduction techniques and (ii) evaluation of effectiveness of
the feature reduction method using different classification
algorithm. The 1st phase is already discussed in section 3.In
the 2nd phase we applied four different classification
algorithm ANN, MLR, Naïve Bayesian Network and k-NN
and obtained result with different classification measures.
The classification result is used to compare all feature
reduction and classifier pair.

n

e    ya  yo 
i 1

Where e is the error in the network,

Multiple linear regression play a pivotal role in the literatures
of adaptive control, adaptive signal processing, regression
and statistics.
Given a data set yi , xi1,, xip ,1  i  n statistical units, a
linear regression model assumes that the relationship between
the
dependent
variable yi and
the p-vector
of
regressors xi is linear. This relationship is modeled through
a disturbance term or error variable ε an unobserved random
variable that adds noise to the linear relationship between the
dependent variable and regressors. Thus the model takes the
form between the dependent variable and regressor [23].
Thus the model takes the form.

  p p   i  xiT    i , i  1,

4.3 Naïve Bayesian Network
Let X  x1 , x2 ,, xn  be an instance for classification,
where x1 , x2 ,, xn  are the values of attributes
A1 , A2 ,, An respectively. Naive Bayesian classifiers as
sum that attributes are independent when class value C is
given, and this is called the conditional independence
assumption. The probability of predicting class value C for
instance X can thus be calculated as
n
P X | C  PC 
p X | C  
 PC  Px j | C 
P X 
j 1
The class value C that has the largest classification
probability P X | C  will be the predicted class of instance
X [24]. The conditional independence assumption is thus
essential to the operation of the naive Bayesian classifier [25,
27].

,n

Where T denotes the transpose, so that xi T  is the inner
product between vectors xi and β. Often these n equations are
stacked together and written in vector form as

y  X  ,
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output and observed output respectively. In classification
using ANN, the network is trained with the following steps.
Step1: Initialize of the connection weights of the network;
Step2: Select a sample from the training set data as the input
of the network;
Step3: Calculate the output value or output vector of the
network;
Step4: Calculate the errors of the network;
Step5: Adjust the connection weights from the output layer
back to the input layer;
Step6: Repeat steps3, 4, 5 until the errors are acceptable;
Step7: Select another sample of the training set data and
repeat the upper steps until convergence.

4.1 Multiple Linear Regression (MLR)
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4.4 k-Nearest Neighbor algorithm

Multiple linear regressions are the simplest and thus most
common estimator. It is conceptually simple and
computationally straightforward. It estimates are commonly
used to analyze both experimental and observational data.
This method minimizes the sum of squared residuals, and
leads to a closed form expression for the estimated value of
the unknown parameter β

k-Nearest Neighbor(kNN) algorithm was first introduced in
[37]. For its simplicity yet efficient performance, kNN has
been adopted as a classifier in many problems such as data
mining, pattern recognition, statistics, and machine learning.
The concept of kNN can be adapted to supervised learning
algorithms. In the first step, kNN only stores the information
of the training data that include data features and their
categories. Next, the accuracy of a classifier will be
evaluated by using the testing data. A classification is made
by measuring the distances from the test instance to all
training instances, most commonly using the Euclidean

1

1
1 n
 1 n

   X T X  X T Y    xi xiT    xi yi 
 n i 1
  n i 1


The estimator is unbiased and consistent if the errors have
finite variance and are uncorrelated with the regressor.
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distance. Finally, the majority class among the k nearest
instances is assigned to the test instance.
The algorithm on how to compute the K-nearest neighbors is
as follows:
Step1. Determine the parameter K (number of nearest
neighbors beforehand).
Step2. Calculate the distance between the query-instance and
all the training samples (depending on K value). Any
distance algorithm can be used
Step3. Sort the distances for all the training samples and
determine the nearest neighbor based on the Kth
minimum distance.
Step4. Since this is supervised learning, get all the categories
of training data for the sorted value which fall under
K.
Step5. Use the majority of nearest neighbors as the prediction
value of the query instance.
The value of k must be properly determined before the
classification process because it has an influence on the
classification accuracy. Smaller values of k produce larger
variance in classification. Using a large value of k can reduce
the effect of the variance, but requires more expensive
computation.

rearranged and stored in such a way that the first feature
possesses maximum signal and minimal noise. Subsequent
features arranged in non-increasing order of signal to noise
ratio.
Features ranging from one to ten from the reduced and
rearranged database in order are considered for this
experimentation.
For each feature size of each database, 10-fold cross
validation approach is adopted to evaluate the classifier
performance. The average performance of 10-fold cross
validation is taken as the performance for the specific feature
size of the database.

5. Experimental Results
For analysis of performance of two stage feature selection,
experimental studies are made with 10 gene expression
databases. The details of the microarray databases are
presented in Table.1.

Figure 2: Classification performance of Allaml database with
different classifiers for second stage feature selection.

Table1: Description of datasets used
Samples
Dataset

Genes

AllAml [32]

7129

27

11

38

2000
DLBCL Harvard
7129
Outcome [36]
DLBCL Harvard
7129
Tumor [36]
DLBCL Stanford
4026
[35]
Lung Cancer
7129
Michigan[29]
Lung Cancer
2880
Ontario[34]
Prostate Tumor [36] 12600
Adcalung[28]
12533

40

22

62

32

26

58

58

19

77

24

23

47

86

10

96

24

15

39

52

50

102

15

134

149

CNS[30]

39

21

60

Colon Tumor [33]

7129

In Class1

In class2

From Figure 2, it is revealed that performance of ANN is best
when 2-4 features are selected, but as the number of features
increases, the performance falls significantly. Performance of
Bayes is the best when 3-4 or 7-10 features are selected,
otherwise remains slightly low. Though in all the selection
catagories the performance of KNN is good, but attains the
best only with combination of first three features.

Total

In microarray data the number of sample is too small in
comparison to the number of features in the database. From
classification point of view, it cannot be ignored that such
huge dimensions are free from redundancy or noise. To
remove the less significant features, standard deviation of
each feature is calculated and maximum value of standard
deviation is determined. In the first stage of feature selection,
if standard deviation of a feature is less than or equal to 95%
of the maximum standard deviation value then it is removed.

Figure 3: Classification performance of Colon tumor
database with different classifiers for second stage feature
selection.

In the second stage, signal to noise ratio is evaluated, with an
objective to remove more noisy data. Here features are

It can be seen from Figure 3 that among the 4 classifiers
ANN yeilds the best result with 9 features. Performance of
21
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Bayes varies from 0.856 to 0.887 with standard deviation of
0.010, KNN varies from 0.830 to 0.908 with standard
deviation of 0.019, and MLR varies from 0.833 to 0.890 with
standard deviation of 0.022.

Figure 6: Classification performance of DLBCL Stanford
database with different classifiers for second stage feature
selection.
In DLBCL Stanford database, performance of ANN is much
below the performance of other classifiers. Performance all
other classifiers are competitive. Figure 6 shows the
performance of the classifiers.

Figure 4: Classification performance of DLBCL Harvard
outcome database with different classifiers for second stage
feature selection.
In DLBCL Harvard outcome database, KNN yields the best
result of 0.878 with 7 features, followed by MLR with 0.869
at 8 features. Result of ANN is (0.551-0.696)±0.064, of
Bayes is (0.625-0.839) ±0.078, of KNN is (0.772-0.878)
±0.037, and of MLR is (0.632-0.869) ±0.089. Details are
presented in Figure 4.

Figure 7: Classification performance of Lung cancer
Michigan database with different classifiers for second stage
feature selection.
Figure 7 shows the performance of classifiers for Lung
cancer Michigan database. The results of KNN and MLR are
competitive. ANN and Bayes yield best result with single
feature.

Figure 5: Classification performance of DLBCL Harvard
tumor database with different classifiers for second stage
feature selection.
In DLBCL Harvard tumor database, result of ANN fall
steadily with more features. KNN yields the best of 0.938 at
3, followed by ANN with 0.932 at 6 and Bayes with 0.9331
at 8. Here again the performance of ANN falls with more
features. Results are presented in Figure 5.
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Figure 10: Classification performance of Adaclung database
with different classifiers for second stage feature selection.

Figure 8: Classification performance of Lung cancer Ontario
database with different classifiers for second stage feature
selection.

In Adaclung database, the performance of all the classifiers
are competitive. Figure 10 shows the performance of the
classifiers for Adaclung database.

In Lung cancer Ontario database at Figure 8, KNN yields
best result of 0.871 at 8 and 9, followed by Bayes with 0.848
at 3 and ANN with 0.838 at 2. However with higher number
of features, order of performance is KNN, MLR, Bayes,
ANN.

Figure 11: Classification performance of central nervous
system database with different classifiers for second stage
feature selection.
Figure 9: Classification performance of Prostate tumor
database with different classifiers for second stage feature
selection.

Figure 11 shows the performance of CNS databse for the four
classifiers. KNN yeilds best results of 0.895 at 8, followed by
ANN with 0.878 at 9. Best performance of other two
classifier remain much below this.

In Prostate tumor database at Figure 9, ANN yields best
result of 0.966 at 8 and 9, followed by KNN with 0.951 at 5,
and Bayes with 0.948 at 5. ANN fails to classify at 2 and 3,
otherwise performance of all the classifiers remain
competitive.

Further to analyse the performance of different groups of
features, the following observations are made. Higest
perfromance of each classifier for each database is obtained,
say H. Performance 5% less than Higest is treated as H’. The
group of features perform between [H’,H] are considered as
the high performing feature groups. Similarly lowest
performnace is taken as L and 5% more than the lowest
performance is treated as L’. The feature groups perform
between [L, L’] are treated as low performing feature groups.
Based on these considerations the stastistics obtained are
presented in Table 2 and Table 3 for high performing and
low performing feature groups for each classifier.
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Table2: High performing feature groups for classifiers

Adcalung

0 1 3 3 33 4 3 2 2

Databases

High performing feature groups for

CNC

BAYES
3,4,7-10

Total

AllAml

ANN
2- 4

0 0 0 0 00 2 2 3 1
1 1
1 1 2 1
4 7
99
1 0
6 8 0 3

8, 9

7-10

6

9, 10

5

8, 9

7

8- 10

DLBCL Harvard Tumor

6

8

3

10

DLBCL Stanford

7

1-10

7, 8

9, 10

Lung Cancer Michigan

1

1

2, 4-10

1-10

Lung Cancer Ontario

2

3

8, 9

3

Prostate Tumor

7-9

5, 6, 9

4, 5

4, 7-9

Adcalung

2-10

7-10

3-7

3-8

9

9

7, 8

7- 10

Colon Tumor
DLBCL Harvard
Outcome

CNC

KNN
2, 3

MLR
9, 10

Table5: Frequency of feature groups in low performance of
the four classifiers
Frequency of low performing
feature groups
Feature Size

Table3: Low performing feature groups for classifiers
Low performing feature groups for
ANN
6-10

AllAml

BAYES
1

KNN
1

MLR
1, 2

1

4

1

1-4

1, 8-10

2

2, 3

2

DLBCL Harvard Tumor

10

1

9, 10

1

DLBCL Stanford

3-6

-

2

2-3

Lung Cancer Michigan

3-10

4

1, 3

-

Lung Cancer Ontario

7-10

6

4

1

Prostate Tumor

2, 3

1

1

1

Adcalung

1

1

1

1

CNC

3

3

1

1

Colon Tumor
DLBCL Harvard
Outcome

3 1 0 0 0 1 1

1 1 1

Colon Tumor
3 1 1 2 0 0 0
DLBCL Harvard
1 3 1 0 0 0 0
Outcome
DLBCL Harvard Tumor 2 0 0 0 0 0 0

0 0 0

DLBCL Stanford

0 2 2 1 1 1 0

0 0 0

Lung Cancer Michigan

1 0 2 2 1 1 1

1 1 1

Lung Cancer Ontario

1 0 0 1 0 1 1

1 1 1

Prostate Tumor

3 1 1 0 0 0 0

0 0 0

Adcalung

4 0 0 0 0 0 0

0 0 0

CNC

2 0 2 0 0 0 0
2
8 9 6 2 4 3
0

0 0 0

Total

1 1 1
0 1 2

4 5 6

Depending on the classifier model and database, different
feature group perform differently and a single group cannot
be treated as the best and any group cannot be treated as the
worst. On analysis, it can be revealed that feature groups 7, 8
and 9 have got the high frequencies in Table 4 and low
frequency in Table 5. Therefore feature group from 7-9 can
be considered for simulation with minimal risk. In contrast,
feature groups 1-3, has for high frequency in Table 5 and low
frequency in Table 4, hence may not be considered suitable
for simulation.

6. Conclusion

Frequency of the feature groups in each database is
calculated for high performance and low performance. Table
4 and 5 represents the frequencies of the feature groups in
high performance and low performance, respectively.

This paper has experimented on the feature selection
strategies and has tried to find out the search space in each
problem that favors classifier designing and also finds out the
search space for which the designer should remain careful.
For this experimentation, a two stage reduction approach is
considered. In the first stage, the less relevant genes are
dropped. In the second stage, attributes are ordered in high
signal to noise ration basis. These ordered attributes are
selected in different groups starting from one and
experimented. Four different classifiers such as artificial
neural network, naïve Bayesian, k-nearest neighbor, and
multiple linear regression classifiers are employed for this
experimentation. Objective of this experimentation is to find
out suitable group of features which favors classifier design.

Table4: Frequency of feature groups in high performance of
the four classifiers

Databases
AllAml

8 9 10

AllAml

The integer values say n in Table 2 and 3 represent the
number of features starting from 1 to n in the decreasing
order of signal to noise ratio i.e. the feature group n.

Databases

1 2 3 4 5 6 7

Databases

Frequency of high
performing feature groups
Feature Size
1
1 2 3 4 56 7 8 9
0
0 2 3 2 00 1 1 2 2

Colon Tumor
0 0 0 0 01 1 2 3 2
DLBCL Harvard
0 0 0 0 10 1 2 2 1
Outcome
DLBCL Harvard Tumor 0 0 1 0 0 1 0 1 0 1
DLBCL Stanford

1 1 1 1 11 3 2 2 2

Lung Cancer Michigan

3 2 1 2 22 2 2 2 2

Lung Cancer Ontario

0 1 2 0 00 0 1 1 0

Prostate Tumor

0 0 0 2 21 2 2 3 0

From the analysis of the results it is observed that a group of
features from 7-9 favors high performing classifier design
and from 1-3 does not favors for better performance. These
observations are based on ten different microarray databases
considered for this experimentation.
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