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Abstract

This paper focuses on a methodological framework for gene selection by two approaches such as statistical approach and
information based approach. Statistical measures are univariate measures where the gene relevance score of each gene
is calculated without considering its co-relation (positive co-relation or negative co-relation) with other genes. Statistical
approach includes Euclidian distance and Pearson co-relation. Mutual information is the measure of mutual dependence
between two random variables in the case of probability theory. Information based approach includes information gain
and dynamic relevance. In this paper the above gene selection methods are applied on four publicly available data sets such
as, breast cancer, leukemia, hepatitis and dermatology to generate the subset of genes. Then, the resultant subset is fed
through two classifiers namely Naive-Bayes and Support Vector Machine (SVM). Here also the data sets are directly applied
to the classifier without applying the gene selection methods. Finally when we have compared the result, it has been found
that all the data sets showing better accuracy when the classifiers are applied after gene selection technique which reflects

the importance of gene selection technique.
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1. Introduction

Disease diagnosis is a step by step procedure which
includes studying medical history, physical examination,
clinical tests and so on. To find the disease or diseased
part is a long term process due to which the patient has
to suffer for a long period. This problem can be addressed
by fast diagnosis of diseases and subsequent medications.
To achieve fast diagnosis we can apply gene selection
approach upon microarray dataset. Studying and ana-
lyzing a number of datasets for a particular disease is
next to impossible for a human, hence with the fastness
characteristics of computers we can get results in mini-
mum amount of time. This is because of the fact that all
the genes are not that much informative to recognize the
state of a disease’. There are only few genes which provide
relevant information. This problem is solved by gene

*Author for correspondence

selection where certain conditions and constraints can
be written in an algorithmic way to select a few but most
informative genes that can be used on some data-mining
tools like classifiers to correctly classify the dataset. The
main drawback is getting 100% accuracy on the classifi-
cation is most of the time not possible and it depends up
on the selection technique®*. Hence to get better accuracy
we have to supply the best set of informative genes to the
classifier.

There are two classical approaches to gene selection
namely wrapper and filter*. Wrapper approach is clas-
sifier specific. Broadly it can be viewed as an approach
where the algorithm iteratively selects a set of genes
which can be applied on a particular classifier. This pro-
cess continues till we obtain a selected subset which gives
the best accuracy for that particular classifier’. Hence,
the name wrapper, as here the classifier is wrapped
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around the selection algorithm. Filter method on the
other hand uses the criterions for selection of particular
subset which then can be applied on a number of classifi-
ers to find the classifier which gives the best result. Filter
method is mostly preferred over wrapper approach due
to its lower computational aspect and time complexity.
Although wrapper method has good classification accu-
racy, sometimes filter methods also gives comparable
accuracies.

Analyzing micro array datasets in different works
have produced good classification accuracy and to deter-
mine which is the disease and which can be the options
for treatment. Some of the works with respect to gene
selection strategies has been discussed here. A new filter
based selection measure has been proposed by Xin Sun
et al.*, which is based on information theory. The pro-
posed method Dynamic Relevance (DR) Analysis is an
extensive extension of the mRMR approach where the
relevance of each gene is updated with iteration where
an interdependent gene is selected into the selected
subset. The relevance value of the remaining genes is
updated and recalculated as the relevance between the
newly selected gene and the remaining gene. C.O. Sakar
et al® introduced a good overview of the minimum
Redundancy Maximum Relevance (mRMR) approach.
This strategy focuses on the fact that individually
good genes do not necessarily gives good classification
accuracy like a group. Thus to improve the joint classi-
fication accuracy the redundancy among them should
be reduced. This approach is based on the information
theory. They have proposed an improved approach on
mRMR called as Kernel Canonical Correlation Analysis
mRMR (KCCAmRMR) where during the calculation of
mutual information, instead of the feature X; the corre-
lated function fiu(X) is used. Where fiu(X)) denotes the
various relations of X, with target class T. Thus we per-
form a filtering out process to remove all the irrelevant
relations. Monalisa Mandal and Anirban Mukhopadhya’
have proposed an improvement to the existing mRMR
approach. In their experimental evaluation on feature
selection, the authors have selected the features based on
maximizing the relevance between the feature and the
class and then minimizing the redundancies between the
feature and the other features. Then the feature which is
most relevant is selected to the output set and another
solution set is created comprising of the rest of the fea-
tures based on the two selection criteria. Subsequently
some features which satisfy both criteria are selected into
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the final set. The number of features in the final set is to
be provided by the user. Yibing Chen et al.® introduced
the feature selection in two phases. In the first phase,
they used Bhattacharyya distance to separate the non-
informative genes to create a smaller set of informative
genes. In the second phase authors used kernel distance
as a strategy to measure the class separability which is a
way of Floating Sequential Search Method (FSSM). They
have applied this on a colon cancer dataset with SVM as
the classifier and achieved worthy results. Subhra Sankar
Ray et al.’ proposed a new distance measure named as
‘Maxrange Distance’ to compute similarity between two
genes. In this approach normalization is first done on
the distance between two genes. The normalizing fac-
tor is different for the different experiments which give
the data-set although it is similar for all the genes in the
data-set. They took the normalizing factor as the ‘linear
dynamic range’ of the ‘Photo Multiplier Tube” which is
used to scan the ‘Fluorescence intensities’ of that experi-
ment. Selwyn Piramuthu'® used the ‘Hausdorft Distance’
for feature selection which is the measure of similarity
between two features in metric space. The distance is
calculated between the features of two different classes.
Then a decision tree is constructed by taking the dis-
tances in ascending order. The tree stops on a stopping
criterion and then the features are sent to the selected
subset. The quality of the tree is evaluated by classify-
ing unseen examples. Hui-Huang Hsu and Ming-Da Lu"!
in their study used two different approaches to feature
selection approaches i.e. Euclidian distance and Pearson
Correlation Coeflicient both of which are statistical
measures.

The outline of this paper is as follows: Section 2 deals
with different methods for gene selection, in section 3 sche-
matic representations of proposed model, section 4 deals
with the implementation with result analysis and finally
section 5 includes the conclusion and future works.

2. Gene Selection Methods

2.1 Information Theory

Information theory is the branch of mathematics and
computer science which is related to quantifying the
information of a random variable and also to find the
information shared between two random variables. For
these purposes it uses the concept of Entropy and Mutual
Information®. Entropy is the measure of uncertainty of
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a random variable. The term refers to Shannon entropy.
Entropy H(X) of a random variable X can be defined as:

H(X)=-Y" p(x)log p(x) (1)

xeX

Where p(x) is the probability distribution function of the
random variable X and can be defined as

p(x) = p(X ==x) ()

NB. Here X is a discrete random variable. The joint
entropy of two random variables ‘X and Y and thus the
conditional entropy can be defined as in equation 3, 4
respectively:

H(X,Y)==3 Y p(x, y)log p(x, y) (3)

xeXyeY

H(X/Y)z—z Zp(x/y)logp(x/y) (4)

xeXyeY

Mutual information of two random variables is the
measure of dependence between two random variables.
As it is the mutual information between two discrete
random variables which is defined as:

_ p(x, y)log(p(x, y))
I(X,Y)=-3 > 0 90) 5)

xeXyeY

Mutual information can also be expressed as condi-
tioned on a third discrete random variable Z’ It can be
expressed in terms of entropy as:

1(X;Y/2)=H(X/z)-H(X/Y,Z) (6)

2.2 Statistical Measures

Statistical measures are univariate measures where the
gene relevance score of each gene is calculated with-
out considering its co-relation (positive co-relation or
negative co-relation) with other genes™. It includes two
popular methods.

2.2.1 Euclidean Distance

Euclidean distance is the distance between two points and
is given in terms of Pythagorean formula. It is the square
root of square of difference between corresponding co-
ordinates of individual genes in metric space'>'. If there
are two genes given by:

p=@ypy--p)andq=(q,q,....q,) (7)
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Then Euclidian distance between P and Q is:

d(P,Q)=d(Q.P)=/(Q ~B) +(Q,~ P +...+(Q, -,

(8)

It is a simple statistical approach based on distance
or closeness measure between two or more genes. In the
method of Euclidian distance the distance between the
genes is calculated. For this we first need to separate the
genes according to their given class value since the dis-
tance is calculated between the genes of the same class.
This is stored in a set which contains the distance between
corresponding genes. The total number of distances cal-
culated is an arithmetic sequence or progression with
difference of 1. It is given by the formula (9).

=(n-D+n-2)+mn-3)++mn-(n-1)  (9)

Then a user specified number of least distances are
stored in a separate set (mat) and the genes between which
these distance are found are stored in another set (new-
mat) in the order as they appear in the order in the least
distance set (mat). From this set (newmat), a user speci-
fied number of genes is selected into our selected subset.
A concept of ‘PER’ is used here. PER is the percentage
of the number of candidates to be taken into consider-
ation during selection into the sets ‘mat’ and ‘newmat.
A ceiling function is used when the PER value comes in
decimal. From the initial set of distance, PER is the limit
of the number of minimum distances to be selected into
another set. The respective indices of the distances are
stored in the set ‘mat’ On this set, a number of iterations,
which is a multiple of the PER value, is run to select the
final gene set.

2.2.2 Pearson Co-efficient

Pearson product-moment co-relation coefficient is a
measure between two variables X and Y, which mathe-
matically calculates by how much they are co-related. The
calculated value falls in the range +1 to -1 both inclusive,
where +1 denotes total positive correlation or complete
co-relation, 0 represents no correlation, and -1 is total
negative correlation. In area of data-mining, positive
co-relation denotes that presence of one variable substan-
tially increases the classifying power of the other while
negative co-relation does just the opposite. This measure
was introduced by Karl Pearson'. This measure can be
applied on a gene expression data-set provided that all the
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attributes have numeric values. The Pearson co-efficient is
given by (10).

3@ -A)b-B) I (ab)-(NAB)

No, oy

VA, B (10)

No,o

Where, ‘N’ represents the number of attributes counted
from i = 1: n, ‘A’ and ‘B’ are two genes, ‘ai’ and ‘b7’ are
the values of genes A and B for attribute 7, ‘A’ and ‘B’ are
the respective mean values of A and B, ‘c,” and ‘c;’ are the
respective standard deviations of A and B.

In this work, we first divide the data-set, as we did
in case of Euclidean distance, into number of sub data-
sets. Then the Pearson co-efficient calculated between all
the genes and stored in a matrix. Now ‘del’ value is as
the minimum co-relation co-efficient, above which the
genes are said to be highly positively co-related. Then it
is similar to Euclidean distance, here the same method
has been used to select the genes into our selected gene
sub-set. The value of ‘del’ is calculated by hit and trial
method.

2.3 Information Based Measures

Mutual information'®is the measure of mutual dependence
between two random variables in the case of probability
theory, which is the base of information theory.

2.3.1 Dynamic Relevance

Dynamic relevance is an information theory based
approach for gene selection using the concept of entropy.
A step by step procedure is given below:

A selected subset (DRGS) is initialized to &. In the
first phase the relevance of all the genes is calculated with
the target class as:

R(g; class) = 1(g; class) (11)

The gene with the highest value of relevance is the first
gene to be selected into our selected subset (DRGS). The
Dynamic Relevance value (DR) of each gene is initialized
to relevance value calculated in this step. The redundancy
between the genes is calculated in the next phase. This is
because we need to select those genes into our selected
subset which are not redundant. Two genes can be said
as redundant if their values are completely co-related*. In
terms of information theory this can be expressed as:

I(gi;class/gj)ﬁI(gi;class) (12)
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Genes are normally grouped as interdependent
genes. Interdependence implies that one gene (g) needs
the help of another (g) to do some functioning. And
hence the relevance of gene (g,) with the target class is
incremented when conditioned with gene (g). In the
third phase CR or C_Ratio is calculated for the selected
gene (g) with the other genes (g). The gene with the
highest value of CR is selected into the selected sub-
set. In the next iteration CR is calculated between the
newly selected gene and other genes. This process con-
tinues until the selected subset contains a user specified
no of genes. The selection process is done keeping in
mind that the CR value does not go into the negative
side. Once it does so, selection is stopped there?. CR is
calculated as:

R I(gj;class/gi)—I(gj;class)

b H(g;)+ H(class) (13)

A positive value of CR indicates that the genes (g and
gj) are independent.

2.3.2 Information Gain

In using TD3” as a decision tree algorithm, it uses a
attribute or feature selection measure called as informa-
tion gain. In the year 1948, Claude Shannon developed
the idea of information entropy which is the measure
of uncertainty in a message and then further digging
into it to lay the base knowledge for information theory
where the information content of a message is calculated
mathematically'>'¢', Using it in terms of a micro-array
data-set and in decision trees, we know that decision
tree is a tree where each node is actually a mini data-set
where based on an attribute the data-set can be divided
or classified. Now let we have a node ‘N’ where we hold
the data-set or a part of it referred to as ‘D’ Now here
we calculate the information gain of all the attributes and
the attribute which will have the highest information gain
value is selected as the attribute for dividing the data-set
into a number of partitions. This attribute is chosen as
the splitting attribute. This information gain is calculated
asin (13).

le] le]
1G(H)=-Y (plc)log p(c,) + p(t))Z( p(cti)log p(ct") + p(t))

i=1 i=1

)l
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Where, c, represents the i" gene, p(c), represents the
probability of that gene, ‘p(t)’ and ‘p(t) are the prob-
abilities that the term ‘¢ appears or not in the data-set,
respectively.

The approach in this paper work is same as that of
dynamic relevance. A selected subset TGGS’ Information
Gain Gene Selected is created with zero elements in it
and a threshold value k is set as the maximum number
of genes to be selected". Then, with iteration a gene is
selected. Thus the genes selected are highly co-related.

3. Schematic Representation of
Proposed Model

Initially the data set has been pre-processed and then gene
selection is applied in two different approaches. One is
the information based approach and the other is statisti-
cal approach. The statistical approach includes Euclidian
Distance (ED) and Pearson Co-efficient (PR) and
information theory based approach includes Dynamic
Relevance (DR) and Information Gain (IG). The gener-
ated subsets of interdependent genes by using ED and PR
are then given as input to the learning machines where
a sub-set is divided into training set and testing data-
sets. First the train set is fed to the classifier followed by
the test set where the classifier gives a class level to the
test set which is compared with the original class level
to calculate the accuracy. Finally a comparison is made
between the outputs of the two classifiers. If required
missing value imputation is done by K-Nearest neighbor
method and Min-Max normalization is used to nor-
malize the data-sets. Feature reduction is done through
Principal Component Analysis (PCA). Two classifiers
are used here, Naive Bayes and Support Vector Machine
(SVM). Naive Bayes is a probabilistic classifier which is
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Figure 1. Schematic representation of proposed work.
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based on the Bayes™ theorem. It is based on independent
assumptions, that presence or absence of one gene does
not affect the classification of another. SVM is a super-
vised classifier that tries to define boundaries between
two or more classes by constructing a hyper plane or a set
of hyper planes. SVM is meant for two class problems. So
when we have three or more classes, it will work by con-
sidering two classes to be one and the third to be another
class. This process goes on iteratively for all the classes.

4. Experimental Evaluation and
Results

4.1 Data Set Description

The experimental evaluation has been conducted up on
four publicly available dataset® data sets. A brief descrip-
tion of each data set'®® is shown in Table 1. The table
includes name of the data set, number of genes, number
of attributes, number of class and class detail.

Table 1. Data sets used in the gene selection
experiments
Data Sets No of Noof Noof Class Detail
Genes attributes class
Breast cancer 98 25 3 Ci1-11
C2-51
C3-36
Leukemia 72 256 2 Acute Lymphoblastic
Leukemia-47
Acute Myeloid
Leukemia: 25
Hepatitis 155 19 2 1.DIE-32
2. LIVE-123
Dermatology 366 34 6  Psoriasis-112

Seboreic dermatitis-61
Lichen planus-72
Pityriasis rosea-49
Cronic dermatitis-52
Pityriasis rubra
pilaris-20

4.2 Pre-processing of Data Sets

As per the proposed work, the first step is pre-processing.
The data set were normalized using min-max normaliza-
tion technique. This technique makes all the data to fall
within the user specified range of minim and maximum.
Here, new minimum and new maximum are taken to
be 0 and 1 respectively. Principal Component Analysis
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(PCA)® has been used data reduction on the leukemia,
hepatitis and dermatology datasets. The original and the
reduced number of attributes are shown in Table 2.

Table 2. Data reduction

Data Sets Original Size Size after Reduction
Leukemia 727256 72°165
Hepatitis 155719 1559
Dermatology 36634 36619

4.3 Gene Subset Selection

In the phase of gene sub-set selection, selection of subsets
is done in the two different approaches discussed earlier
i.e. mutual information approach and statistical approach.
DR and IG are the mutual information based methods
that have been used in this work. In the case of statistical
approach one of the methods is Pearson co-efficient and
the other is Euclidian Distance method. Using the mutual
information approach, the subset is generated directly,
but the statistical measures are methods of gene rank-
ing. So from the ranked genes, the subsets are selected
according to the threshold choices. The ‘ED’ method and
the Pearson co-efficient method are a new approach in
the field of gene selection as it was not applied earlier.
Using each method, a number of subsets are produced
according to the different threshold values and each sub-
set generated is then applied on the classifier to generate
the result which is discussed in the next phase.

4.4 Result Analysis

Before applying the classifiers on the selected data-set first
it is required to split them into training and testing subset.
Then the training subset along with its class levels is given
as an input to our classifier, where it learns about the dif-
ferent feature patterns of the instances and the subsequent
class to which it belongs. Then the testing set is supplied
without showing the class level of that data-set. Here two
classifiers are used, Naive Bayes and SVM. Naive Bayes
is a probabilistic classifier which is based on the Bayes
theorem. It is based on independent assumptions, that
presence or absence of one gene does not affect the clas-
sification of another. SVM is a supervised classifier that
tries to define boundaries between two or more classes by
constructing a hyper plane or a set of hyper planes. SVM
is meant for two class problems. So when three are three
or more classes, it will work by considering two classes
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to be one and the third to be another class. This process
goes on iteratively for all the classes. The classifier then
provides a class level to each instance of the testing data-
set. This is compared with the original class level. Then
the accuracy can be calculated in terms of correct clas-
sification. A conclusion based on the accuracy that which
classifier acts better on which data-set has been explained
in the Tables 3 and 4.

Table 3. Comparison of accuracy by using Naive
Bayes Classifier

Methods Breast Leukemia Hepatitis Dermatology
Cancer Acc(%) Acc(%) Acc(%)
Acc (%)

Original Data-Set 84.21 78.57 68.42 NA
Statistical Euclidean 92.30 91.66 83.33 NA
Measure Distance

Pearson 96.55 91.66 88.45 NA
Co-efficient
Information Dynamic 93.33 95.00 84.21 NA
Measure Relevance
Information  90.90 92.85 96.87 NA
Gain
Table 4. Comparison of accuracy by using SVM
classifier
Methods Breast Leukemia Hepatitis Dermatology
Cancer Acc(%)  Acc(%) Acc(%)
Acc(%)

Original Data-Set 36.84 64.28 57.89 32.46
Statistical Euclidean 63.63 62.50 81.81 41.86
Measure Distance

Pearson 61.53 81.81 80.00 38.54
Co-efficient
Information Dynamic 72.72 91.66 86.36 41.66
Measure Relevance
Information  58.82 71.42 82.14 34.06
Gain

5. Conclusion and Future Scope

Gene selection is an interesting approach for classification
of diseases and is also applicable in the drug industry. The
later is the case where the concept of functional group of
genes is of utmost relevance, for this purpose interdepen-
dent gene which functions as a group is required to define
functions of certain proteins. Dynamic relevance deals
with this problem by integrating the advantages of mRMR
approach with its interdependence calculation. Euclidian
distance is a simple approach which takes into picture the
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closeness of genes to find interdependent genes. In case
of dynamic relevance, a set of interdependent genes are
selected and it gives good accuracy results. In this paper,
IG method shows better result when it is applied on Naive
Bayes classifier where as DR method showing better
result when it is applied on SVM classifier. In the paper*
the authors devised DR method where a group of genes
called as ‘gene group’ is selected, and this was applied on
gene expression data-set with genes amounting to 20k.
We have the intention of applying the same method on
other data-sets and improve the same by applying some
new method for gene ranking in the future. The output
then can be validated with real-time medical records.
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