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Abstract. The feature selection is a vital process for data classification. To find a
minimum optimal feature set is a NP-complete problem. Various approximation
algorithms are proposed for feature selection.
Various feature selection methods are discussed. Deployment of the methods are
also discussed.
We have compared experimental results of a redundancy based methods with our
gene ranking methods. We have found that redundancy based feature selection
methods can select compact gene subsets. We also found that only gene ranking
based methods also perform well.

1 Introduction

In pattern recognition, feature selection is done before doing classification of the data.
As per Horn and Martinez (1994)[5], finding an optimal minimum feature set for clas-
sification is a NP-complete problem. Various approximation algorithms to select mini-
mum number of features have been proposed in the literature. Both filter and wrapper
methods are used extensively. Using the selected minimum feature set will improve
significantly the performance of DNA Microarray data classifiers.

Minimum feature set may infer that a group of 20 genes behave differently, say,
from cancer and healthy patients. That would lead to devising efficient drugs and/or
treatment for controlling the behavior of those genes.

The analysis of DNA Microarray data is quite important nowadays and this tendency
will prevail in the near future by helping to enhance health care, environmental studies,
and analysis of biological systems.

Before delving into the details, let us have a closer look to the terms like microarray
data, representation of objects, classifiers, feature selection and feature extraction, and
optimal feature set.

1.1 Microarray Data

Microarray technology is one of the most promising tools available to life science re-
searchers. The cDNA arrays and the Affymatrix technologies are used to produce DNA
chip or DNA microarray. The final result of microarray experiment is a set of numbers
representing expression level of DNA segments. These DNA segments are called genes.



A gene encodes specific instructions to produce a specific product typically a protein
by a cell. The amount of protein produced by a gene is called expression level of the
gene.

As per the central dogma of molecular biology, the flow of genetic information is
from DNA to RNA to proteins. In the cell nucleus, the information in the DNA is copied
into RNA. The process is called transcription. RNA copy of the genetic information
act as a messenger. RNA transport the information to the cell cytoplasm. In the cell
cytoplasm, RNA is translated into proteins. The proteins are the products of the genes.

Genes are only a portion of the entire amount of DNA in a cell. Genes are delimited
by a specific sequence of bases. This sequences are called signal. They controls the
production of protein. They turn on and off the production of protein through protein
and DNA interactions.

Every cell of individual organism will have same DNA. Thus they carry same in-
formation. But not all genes are expressed in the same way in all cells. The different
pattern of gene activations control the production of protein in different cells.

1.2 Representation of Objects

On its own right, representation of objects by features is an important topics. Objects
are represented by their characteristic features. But objects has to be represented with
due consideration of their domain and purpose at hand. Thus we can not choose same
features for all the purposes.

In microarray data for cell type classification, features are gene expression. For hu-
man genome there are 30,000-40,000 genes. It is having a very high dimension. High
dimension data has a well known problem in pattern recognition called ’curse of di-
mensionality’.

Three main reasons to keep dimensionality low are measurement cost, classification
accuracy, and to identify and monitor the target disease or function types.

Thus it is very important to represent an object with features with high discriminat-
ing ability for classification.

1.3 Classifiers

A classifier will assign the object to a category i.e., class. It will use features of an object
and a discriminant function to make the decision. We can divide classifiers as linear and
non-linear.

Domain independent theory of classification is based on the abstraction provided by
the features of the input data.

1.4 Feature Selection vs. Feature Extraction

In feature selection we try to find the best subset of the input feature set. Feature se-
lection methods are based on individual feature ranking as per a criterion function,
minimum redundancy among the features, maximum mutual information among the
features and the class level etc.



In feature extraction we create new features based on transformation or combina-
tion of the original feature set. Feature extraction methods are Principle Component
Analysis (PCA), Linear Discriminant Analysis (LDA) etc.

1.5 Optimal Feature Set for Classification

To find optimal feature subset we have to evaluate objective function for

d∑
m=0

(
d

m

)

subsets. Clearly it has an exponential complexity, O(2d). As mensioned in the begin-
ning finding an optimal minimum feature set for classification is a NP-complete prob-
lem.

2 Deployment of Feature Selection Methods

Feature selection methods can be grouped as embedded, filter, and wrapper based on
their relation with the induction algorithm for classification.

2.1 Embedded method

They will be a part of induction algorithms. Blum, and Langley (1997)[1] stated that
methods for inducing logical descriptions provide the clearest example of feature selec-
tion methods embedded within a basic induction algorithm. In the context of microarray
data classification, very few implementations use the method now-a-days.

2.2 Filter method

They are separate processes from the induction algorithms. The filter are preprocessing
methods. They uses general characteristics of the data set to select features. Considering
the high dimension of microarray data the filter methods are being frequently used by
various implementations to bring the dimension of the data to a manegable value before
using other methods.

2.3 Wrapper method

They are also separate processes from induction algorithm but they use an induction
algorithm as a subroutine. They evaluate alternative subsets by an induction algorithm.

3 Feature Selection Methods

We can divide feature selection methods as Optimal Selection Methods and Suboptimal
Selection Methods based on the optimal solution of the problem.



3.1 Optimal Selection Methods[6]

As per Jain, Duin, and Mao (2000), The following methods are guaranteed to find opti-
mal minimum feature subset.

Exhaustive Search The method will evaluate all possible subsets consisting of m fea-
tures of total d features i.e.,

d∑
m=0

(
d

m

)

subsets to find the best subset. It is an exponential problem.

Branch and Bound Search In this method only a fraction of all possible feature sub-
sets will be evaluated. Criterion function must satisfy the monotonicity property i.e.,
J(x1, . . . , xi) ≤ J(x1, . . . , xi, xi+1)

3.2 Sub Optimal Selection Methods[6]

Again as per Jain, Duin, and Mao (2000), There is no guaranty that the following meth-
ods will find an optimal minimum feature subset.

Best individual Features Here all the d features are evaluated individually using an
scalar criterion function. Then select m best features. Clearly a sub optimal method
because as per Cover (1974)[2] the best two independent measurements are not the two
best. Complexity of the method is O(d).

Sequential Forward Selection (SFS) At the beginning it will select the best feature
using a scalar criterion function. Then it will add one feature at a time. The new feature
along with already selected features will maximize the criterion function, J(.). It is a
greedy algorithm. It cannot retract. Once a feature is selected there is no way to discard
the feature. Complexity of the method is O(d).

Sequential Backward Selection (SBS) At the beginning it will select all d features.
Then it will delete one feature at a time and select the subset which maximize the
criterion function, J(.). It is also a greedy algorithm, It also cannot retract. Once a feature
is discarded there is no way to add the feature. Complexity of the method is O(d). But
require more computation than SFS.

Plus l take away r Selection The method will at first add l features by forward selec-
tion, then discard r features by backward selection. There is a need to decide optimal l
and r. The method has no subset nesting problems like SFS and SBS.



Sequential Forward Floating Search (SFFS) The method is a generalized plus l take
away r algorithm. The value of l and r are determined automatically. Performance is
close to optimal with an affordable computational cost.

Sequential Backward Floating Search (SBFS) It is also a generalized plus l take
away r algorithm like SFFS. The value of l and r are also determined automatically.
Close to optimal solution as SFFS. More efficient than SFFS for m closer to d than to
1.

4 Class Separability Measures[8]

We shall consider now two examples of measuring the discrimination effectiveness us-
ing mainly feature vectors. For multiple features, correlation among features usually
influence classification capability.

4.1 Divergence

As per Bayes rule, given two classes ω1 and ω2 and a feature vector x, we select ω1
if P(ω 1| x) > P(ω 2|x). Hence ratio P (ω1|x)

P (ω2|x) has discriminating capability. For given

P(ω1) and P(ω2) same information resides in D12(x) = ln P (x|ω1)
P (x|ω2) . For completely

overlapping classes D12(x) = 0.
Since x takes different values, it is natural to consider mean value over class ω1

D12 =
∫ +∞

−∞
p(x | ω1) ln

p(x | ω1)
p(x | ω2)

dx

Similarly for ω2

D21 =
∫ +∞

−∞
p(x | ω2) ln

p(x | ω2)
p(x | ω1)

dx

The sum is d12 = D12 + D21.
The multi-class divergence can be computer by summing up divergence of every

class pairs.

4.2 Scatter Matrices

Computation of Divergence is not easy for non Gaussian distribution. On the other hand
scatter matrices can be computer very easily. Within class scatter matrix is defined as

Sw =
M∑

i=1

PiSi

where Si is the covariance matrix for class ωi

Si = E[(x− µi)(x− µi)T ]



Between class scatter matrix is defined as

Sb =
M∑

i=1

Pi(µi − µ0)(µi − µ0)T

where µ0 is the total mean

µ0 =
M∑

i

Piµi

Total Mixture scatter matrix is defined as

Sm = E[(x− u0)(x− u0)T ]

We can calculate that Sm = Sw + Sb

The following criterion functions can be defined among others

J1 =
trace{Sm}
trace{Sw}

J2 =
| Sm |
| Sw | =| S−1

w Sm |

J3 = trace{S−1
w Sm}

For equally probable two classes problem | Sw | is proportional to σ2
1 + σ2

2 and
| Sb | is proportional to (µ1 − µ2)2. The Fisher’s discriminant ratio is defined as

FDR =
(µ1 − µ2)2

σ2
1 + σ2

2

5 Review of Minimum Redundancy feature selection methods

5.1 Paper 1: Ding and Peng (2003)[3]

Filter method is used. The algorithm is a SFS. The first feature was selected using
maxV1, V1 = 1

|S|
∑

i∈S I(h, i) for all genes in the set S.
Suppose the algorithm already selected m features for the set X. The additional

features will be selected from the set Y = S − X . The following two conditions will
be optimized simultaneously

maxi∈Y I(h, i)

mini∈Y
1

| X |
∑

j∈X

I(i, j)

Mutual information, I of two variable x and y is defined as

I(x, y) =
∑

i,j

p(xi, yj) log
p(xi, yj)

p(xi)p(yj)

The main contribution of the paper was claimed by the authors was to point out the
importance of minimum redundancy in gene selection.



5.2 Paper 2: Yu and Liu (2004)[9]

Here also a filter method is used.
Algorithm is:

Relevance analysis
1. Order features based on decreasing ISU values
Redundancy analysis
2. Initialize Fi with the first feature in the list
3. Find and remove all features for which Fi forms an approximate redundant cover
4. Set Fi as the next remaining feature in the list and repeat step 3 until the end of the list

The implementation combines SFS with elimination technique. The entropy of a
variable X is defined as

H(X) = −
∑

i

P (xi) log2(P (xi))

The entropy of X after observing values of another variable Y is defined as

H(X | Y ) = −
∑

j

P (yj)
∑

i

P (xi | yj) log2(P (xi | yj))

The amount by which the entropy of X decreases reflects additional information about
X provided by Y, is called Information Gain

IG(X | Y ) = H(X)−H(X | Y )

Symmetrical uncertainty is defined as

SU(X, Y ) = 2
[ IG(X | Y )
H(X) + H(Y )

]

Individual C-correlation (ISUi): The correlation between any feature Fi and the
class C is called Individual C-correlation, (ISUi)

Combined C-correlation (CSUi): The correlation between any feature Fi and Fj(i 6=
j) and the class C is called combined C-correlation, CSUi,j

Approximate redundant cover: For two features Fi and Fj , Fi formed an approxi-
mate redundant cover for Fj iff ISUi ≥ ISUj and ISUi ≥ CSUi,j

6 Comparison with our Experimental Results

To investigate the problem of feature selection we implement a filter method. We used
FDR[4] as criterion function. Initial gene selection was based on gene ranking. Then
Fisher and Loog-Duin[7] Discriminant techniques are applied to transform the feature
space. Then linear and quadratic classifier are used. 10-fold cross validation was ap-
plied.

We used Leukemia, Lung cancer, and Breast cancer data from UCI repository.



Dataset RBF Our Experiment
FQ LDQ FL LDL

Name Total Genes Samples Selected Genes Acc Samples Selected Genes Acc Acc Acc Acc
Leukemia 7129 72 4 87.50 72 80 98.75 59.23 98.75 95.00

Lung cancer 12533 181 6 98.34 197 367 67.12 49.89 77.32 73.60
Breast cancer 24481 97 67 79.38 97 273 78.63 68.72 78.63 74.70

Table 1. Comparison of gene selection results.

Where, RBF = Redundancy Based Filter Algorithm used in paper 2[9]
FQ = Fisher Discrminant Analysis followed by Quadratic Classifier
FL = Fisher Discrminant Analysis followed by Linear Classifier
LDQ = loog-Duin Discrminant Analysis followed by Quadratic Classifier
LDL = Loog-Duin Discrminant Analysis followed by Linear Classifier

From the table 1 we can observed that RBF selected very compact gene sets for all
the cases. FQ and FL out perform LDQ and LDL in all 3 datasets. RBF out perform all
methods in 1 dataset by big margin. FQ and FL jointly out perform others in 1 dataset
also in big margin. RBF, FQ, and FL have comparable result in 1 dataset.

7 Conclusions

We can conclude that minimum redundancy methods select very compact gene sets. It
can help to identify and monitor the target disease or function types.

From our experience, we know that on average the performance of LDQ is better
than FQ because Fisher discrminant analysis is linear in nature. Here we selected genes
by FDR ranking. Due this performance of FQ and FL may get enhancement.

From the result we can also conclude that gene selection by only ranking has some
merits.

The seminar was on feature selection of DNA microarray data for classification. We
have tried to explain the technical aspects in easy to understand format.
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