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Abstract

The feature selection for classification is a dynamic research area in data
mining and optimization. Among the existing methods the effectiveness of the
SVM-RFE algorithm is generally considered remarkable, but the prime
difficulty in using it is the amount of computational power. The problem
becomes worst when bootstraps are needed to improve the feature selection
constancy. In this paper, to reduce the computational complexity of the SVM-
RFE a new method is proposed that has two important properties to reduce the
time of computation. Firstly, in comparison with the conventional SVM-RFE
the proposed method uses only the support vectors for training process not all
the training samples which reduce the computational time for building a single
SVM classifier drastically. Secondly, a new feature ranking criteria , which
takes into account both the discriminant ability of individual features along
with the ability to maintain the Margin as large as possible even after the
dimensionality reduction is proposed to effectively eliminate the irrelevant
features and to improve the generalization ability of the classifier. As a result,
the performance of SVM-RFE is improved in terms of computational time and
selection of highly informative features. This intern improves the
generalization ability of the SVM classifier built. The proposed method is
tested on Micro array data sets to exhibit its effectiveness.

Key Words : Feature Selection,SVM-RFE,Discrimant ability,Margin
Distribution.
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1. Introduction

Reduction of feature dimensionality is of considerable importance in machine
learning to reduce the computation complexity and to improve the classifier’s
generalization ability. The task of feature selection consists of selecting a reduced set
of features that is most predictive for a given outcome. Such type of problem is found
in almost all areas of machine learning research like classification, regression etc. In
the context of classification, feature selection aims at finding a subset of features that
result in more accurate and compact classifiers. Typically, the error of the designed
classifier will drop as more features are added and after reaching some optimal
number for a given sample size, it will begin to rise. Therefore the feature selection
method must filter out those inputs that are irrelevant to the specific model. Moreover,
the selection made should capture the relevant information as well as avoid over
fitting the data. In the recent years feature selection has become the focus of
numerous research studies in areas where datasets with thousands of features like
Gene selection from Micro array data.

It is noticed that the feature selection algorithms generally selects largely varied
subsets of features even for small changes to the training data, although majority of
these subsets are equally good in terms of classification performance [1]. Such
instability brings down the confidence of domain experts in experimentally validating
the selected features. This may build serious issues in applications where feature
selection is used as a knowledge discovery tool like Microarray data analysis [2]. So,
in gene selection it is important to correct for the selection bias by performing a cross-
validation or applying a bootstrap external to the selection process [3][4]which further
increase the computational complexity of the feature selection process.

Though there are many approaches for reducing the size of the feature set, due to
it’s successful use in selecting informative features, SVM-RFE gained popularity
[5,6,7,8]. SVM- RFE, a backward elimination method, ranks all the features
according to some ranking function and eliminates a feature with least score. This
elimination task is continued until the highest classification accuracy is obtained. The
fundamental factors affecting the computational complexity of SVM-RFE are its
backward elimination nature and its greediness in selection.Theoriticaly searching
backwards from the full set of features available may capture interesting features
more easily than the forward selection method, the method is comparatively
computationally expensive as it retrains SVM after removing each feature. This is
obviously a heavy burden when the sample features are in the thousands. Moreover as
finding an optimal subset of features is combinatorially prohibitive, SVM-RFE
reduces the complexity of feature selection by being greedy .That is once a feature is
selected for removal it is never reintroduced, which intern may affect stability of
SVM-RFE method. So, bootstrapping or K-fold cross validations are needed to
improve the feature selection stability [9] or to predict the generalization ability
without introducing bias [10] which further increases the computational complexity. It
is thus desirable to discover ways to speed up the ranking procedure in these cases.

In this paper, we present a more efficient version of SVM-RFE to reduce the
computational time of feature selection and improve the generalization ability of the
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SVM classifier built . The two properties introduces for improving the efficiency of
the conventional SVM-RFE are

1. Concentrate more on the samples (Support Vectors) that are close to the

hyperplane which are likely to be misclassified after dimensionality reduction.

2. Try to eliminate more number of irrelevant features in each iteration before

retraining the SVM to reduce the computational time. Use the class

discriminative ability along with the ability of maintaining the margin as large

as possible after dimensionality reduction of the features as the new criteria for

ranking the features to improve the generalization ability of the classifier built.

The rest of the paper is organized as follows. Section 2 explains the related works
find in the literature followed by Section 3 gives a brief introduction of SVM and
Section 4 explains the proposed method in detail. Experimental results are given in
Section 5 followed by conclusion and discussion in Section 6.

2. Related Work

Though SVM-RFE is a dominant method for feature selection [11, 12] obtaining an
optimal subset of features is combinatorially prohibitive. Most studies have found
RFE to choose very informative feature subset but with 12000 or more features to
pick from. When the number of samples is more RFE takes substantial computation
time. Moreover, RFE is extremely computationally expensive when only one least
useful feature is removed during each iteration. To reduce the computational
complexity of SVM-RFE aiming at removing more number of features at each
iteration before retraining the SVM many approaches were proposed. On this end, a
method called E-RFE was proposed to eliminate different numbers of features
according to the different weight distributions of a trained SVM [13].The observation
is that different combinations of informative features and irrelevant features have
different weight distributions. In addition to guarantee the accuracy of the top most
ranked features, E-RFE eliminate one feature in each iteration when the numbers of
remaining features go below a threshold value. Calculation of three thresholds and
slow down the process in case of large number of features are the demerits of this
method.

Another method RFE-annealing uses the annealing schedule idea to remove a
large number of features in the initial iterations when it is effortless to identify
insignificant features and less number of features are removed in the later iterations so
that the important features are not removed. In general RFE-Annealing allows an
enormous increase in the efficiency of the algorithm without a decrease of
classification accuracy. It is made known in most of the cases that when the number
of features ranges from one to 200 ,RFE-Annealing gives the same performance as
the conventional RFE and also is more stable . But when the number of features
selected is around 10 RFE give higher prediction rate than RFE-Annealing [14].

The aim of the proposed method is to provide a more flexible elimination
mechanism by considering two aspects. First is to focus on the samples within a
narrow region around the separation hyperplane that have the chance of misclassified
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after dimensionality reduction, Which reduce the time of building the SVM classifier
drastically. Secondly, trying to remove more number of features in each iteration .
Since the hyperplane that separate the samples of the two different classes is a good
indicator of the generalization ability of a trained classifier, we focused on eliminating
the features whose removal have less or no effect in the drift of the hyperplane also
have less class discriminative power before retraining the SVM classifier.

3. Support Vector Machine

Vladimir Vapnik invented Support Vector Machines (SVMs) in 1979 [15]. They are
efficient enough to handle very large-scale classification in both number of samples
and number of variables [16]. A special property of SVMs is that they simultaneously
minimize the empirical classification error and maximize the geometric margin hence
they are known as maximum margin classifier [17] .SVMs are generated in two steps.
First, the data vectors are mapped to a high-dimensional space. Second, the SVM tries
to find a hyperplane in this new space with maximum margin separating the classes of
data. The margin denotes the distance from the boundary to the closest data points
(Support Vectors) in the feature space as shown in figure 1.

Support Vectors
Maximum
X T . margin decision

Figure 1 Support Vector Machine

A highlighting feature of SVM s that it is based on the structural risk
minimization induction principle, which provides a guaranteed bounded risk value
even when the number of the training set is small. But SVM may perform poorly
when there are many irrelevant features and for such a situation, feature selection is
the remedy.

We are paying attention to linear SVMs because of the kind of the data sets under
analysis. A brief review of SVM is given below.

Consider N pairs of training samples:
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{X2), Y (D} {X@), Y )}, ..., X(N), YN)},
Where

X (i) = [Xa(i)Xa(i) . . . k()]

is a k-dimensional feature vector representing the it training sample, and Y(i) e
{—1, 1} 1s the class label of X(1).
A hyperplane in the feature space can be described as the equation

W -X+b=0, (1)

where W =[w;w; . . . wi]" and b is a scalar. To find the optimal hyperplane one
has to solve the following quadratic programming problem: minimize the functional
1
p(w) = > (w.w) (2)

under the inequality constraints

v, [(X; - W)+b]>Li=12,........ ,N (3)
We can obtain the functional
N
1
W(a)zzai_zzaiajyiiji-rxj 4)
i=1
It remains to maximize this functional under the constraint
>y, =0, 20,i=1,....N (5)

Once the optimization problem has been solved, we can obtain Ww as follows:
N

W= oYX (6)
i=1

It is usually the case that most of the parameters «;are zero. The decision

hyperplane therefore only depends on a smaller number of data points with non-zero
a; ; these data points are called support vectors. So we can change the equation (6) as
W= oYX (7)
ieSV
As a result, equation (2) can be obtained and the SVM classifier has been built.

4. Proposed Method

Hypothesis used in the Proposed Method

By investigating the characteristics of SVMs, it can be found that the optimal
hyperplane and support vectors of SVMs can be used as measures of the significant
subset of features. Therefore, these measures can be used to select the most
informative features.
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Hypothesis 1: Concentrate more on the samples (Support Vectors) that are
close to the hyperplane which are likely to be misclassified after dimensionality
reduction.

Since the training samples other than support vectors have no contribution to
determine the decision boundary and as the number of support vectors is relatively
small, we could train SVM just by using the support vectors. Following this idea, we
propose the modified version of SVM-RFE algorithm, which learn SVM
discriminative function using all features of all the training samples at first ie. is only
once. In the following iterations an active subset as the candidates of the support
vectors is dynamically maintained, and trains SVM using this reduced subset rather
than the entire training set. In this way, we are able to find the boundary with less
computational time.

Hypothesis 2: Try to eliminate more number of irrelevant features in each
iteration before retraining the SVM to reduce the computational time. Use the
class discriminative ability along with the ability of maintaining the margin as
large as possible even after dimensionality reduction of the features as the new
criteria for ranking the features to improve the generalization ability of the
classifier built.

The original SVM-RFE uses the squared coefficients w® of the weight vector w
obtained from Eqgn (2) as feature ranking criteria. By instinct, those features with the
largest weights are the most informative[18]. Thus in an iterative procedure of SVM-
RFE ,the weight vector of all the features is computed by training the SVM classifier,
and eliminate the feature having the least weight . This process is continued until a
small subset of features is obtained. However, this way for feature ranking is a greedy
method and we should look for more evidences for feature selection. From the
observations in [ 19, 20, 21,22], we conclude that the largest margin is a good
measure of the generalization ability of a trained classifier. It is noticed that by
construction, an SVM classifier assert on a fat margin around the decision boundary.
And Therefore features whose removal does not cause drifting or shrinking of the
margin of a trained SVM represent significant discriminative power (performance
difference of the SVM before and after removing these features is expected to be
little).However, because the dimensionality of original input space has been reduced
after feature selection, the margin is always to reduce in size and what we can do is
trying our best to make the shrink small to some extent. Therefore, in feature selection
process, we should prefer the features which make more contribution to maintaining
the margin large. This is an additional evidence for feature ranking. To comprehend
this idea, we bring in a coefficient CLMy (Coefficient of Large margin)

1 1
CLMk :S__sti,k _S_ Z:Xj,k
ny 1es, n_ Jes_ (8)

n=S,. +S,_ (9)
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Where S, denoted the Support Vectors belong to positive samples, S. denotes the
Support Vectors belong to negative samples and n denotes total number of Support
Vectors, S, denotes the number of S, and S denotes the number of S., and Xi«k

denotes the k™ feature of Support Vector i in the input space. The larger CLMj
indicates that the k™ feature of input space can make more contribution to maintaining
the margin large. Therefore, CLMy can assist |wy | for feature ranking. The solution is
that, combining the two evidences, we can order the features by ranking CLM| w |.

The Proposed Modified SVM- RFE Feature Selection Algorithm

We consider N training samples with k features each and their corresponding class
labels. Initially train the SVM using all the features of all the training samples like the
conventional SVM-RFE. After training SVM with these N sample and label pairs, we
find the discriminative function value f(X;) for the Support Vectors and optimal
weight vector W of each feature. And for improving the generalization ability of the
classifier we compute the parameter CLM for all the features of support vectors.
Since y;f(X;) of the Support vectors control the Maximum Margin Distribution of the
SVM calculate it for all the Support Vectors and store it in a linear Vector MMDV.
The proposed method now keep on removing features as long as it is not drifting the
margin which is determined by checking with the pre-defined threshold limit. When it
goes beyond the threshold SVM is retrained. To avoid losing important feature, the
algorithm will automatically start eliminating one feature at a time when the number
of features reaches a specified number. The outline of the algorithm is given below.

1. Initialization.

An empty ranked feature list RANK s

A set of features to be ranked F = {1,2,........ K

Set I= K/2

3. Train the SVM with K features of the N training sample set and obtain its
optimal weight vector

W= [wy,waws, wi] ,CLMK = [CLM1,CLMs,......,CLMk] and bias by
Rank the K features in the descending order of W(i) e CLM(i), i=1,2,.....K.
Compute discriminative function for the Support Vectors using

f(X,")=<W™M X, >+b,,i=12,.....N Where ¢, >0
The Margin Distribution of the SVM MDy using

y, (XM, i=12,......N Where ¢, >0
6. Set W= [w 1, wisawiss. wi] ,CLMK T = [CLM,1,CLM,

N

ok~

+250000ee EEII_jMK] | +1 | 42 K
- + +
and Xi = [Xi Xi peeeennn X ], I= 1,2, ....... , nwhere n is the number of
support vectors
n [k-11
compute MPk-1 ysing ¥i T 10 N Where @ >0

8. Calculate AMDy = ||MDy; — MDy ||
9. If AMDy>THavvp , Let 1=1/2 go to5
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10. Else remove | least significant features and place them on the top of RANK
11. set K= K-l
12. If K> 1 go to step3 else display RANK ;i and Stop.

e

v

Initialize RANKijist
K --- No. of features to be Ranked

v

Train the SYM with N samples of K features

:

n
Obtain the Margin Distribution Vector M DK

v

Set k=k/2 <

A 4

n
Obtain the Margin Distribution Vector MDK |

Yes

|| MDE — MDE |||> TH>MmvD

Y

Store the /features to the ranked list
Set K=K-/

Yes K>1

No

Display the final ranked list RANK jist

|
C O

Figure 2 Flow chart of the proposed method
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5. Experimental Results

The proposed method is tested for gene selection and classification of DNA
microarray data. DNA microarray is a technology that measures expression levels of
thousands of genes simultaneously. As microarray data contain thousands of features
of which many are irrelevant or redundant we found it as a good candidate to test our
proposed method. The details of the three data sets used to test the performance of the
proposed method are given in table 1. To reduce the complexity of computation ,an
initial filtering was carried out using BRB Array Tool on all the three datasets to filter
out the irrelevant noisy genes by setting p<0.001 and 3 fold change . In the following
simulations, SVM-RFE, M-RFE and ERFE are coded based on the linear SVM
routine of MATLAB . The reported execution time is based on an Intel Celeron CPU
of 2.40 GHz.

Table 1. Details of the data sets used

Data | No. of |Classl|Class2|No. of | Training Set | Testing Set | No. of

Set |Samples genes |Cassl|Class2|Cassl|Class| genes
2 after

initial

filtering

Breast 86 43 43 |22285| 32 32 11 11 613
cancer
dataset
AML- 72 47 25 7129 | 37 17 10 08 413

ALL
dataset
Colon 62 22 40 | 6500 | 16 30 06 10 389
cancer
dataset
Note : AML- ALL data set Class1-ALL Class2-AML and other two data sets class1-
Normal class2-cancerous

Description of the data sets used in the experiments is given in Table 1. All the
three data sets are randomly divided into training set and testing sets. The training sets
were used to rank the features and to train the SVMs with different number of ranked
features. The testing sets were used to predict the generalization ability of the trained
SVMs. Leave One Out Cross Validation (LOOCV) is used to train the SVMs.For
example in the case of the breast cancer data set the proposed algorithm was first
tested on the 64 training samples. At each of the 64 iterations 63 samples were used
for selecting the genes and to train the SVM classifier, and the remaining 1 sample
was used to test the gene subset and the classifier built. The classification error is the
average of the classification errors on the test samples. In the testing phase genes that
were selected from the 64 training samples and the performance was measured on the
22 testing samples.
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The Figure 3 gives the average classification error on the testing samples versus
various training set sizes for the breast cancer data set. The performance of the
proposed method along with the conventional SVM-RFE and other feature selection
algorithms E-RFE and RFE-Anealing are also presented for comparison. It is very
clear that the proposed method outperformed the other methods especially when the
training set is small. As more and more number of training samples are used SVM-
RFE also performed well like the proposed method. But comparing the other two
methods E-RFE and RFE-Anealing which also removed more number of features in
each iteration of feature selection the proposed method gives appreciable
generalization ability. It is very good indication that the criteria which the proposed
method used for feature selection, combination of class discrimination ability and the
ability of the feature to maintain the margin as large as possible even after
dimensionality reduction has improved the generalization ability of the classifier. On
the other two data sets also similar results are observed.

3 T
0% T —+— Proposed Metod

s % N SVM-RFE I
> N )
2 20+ AN ERFE |
e T N I RFE-Annealing
S 15\ N g
g \ ——g_
g " \ =
S gl \ * * ~g o

.. —

|

0 | | | | |
10 20 30 40 50 60 70

Number of Training samples

Figure 3 Comparison of feature selection methods on breast cancer data set
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Figure 4 The comparison of the generalization ability of the proposed method with

SVM-RFE

Figure 4 shows the performance comparison on the three data sets. Throughout
the experiments the proposed method has shown better generalization ability
compared to and the original SVM-RFE .This is a good indication for the ranking
criteria proposed by us. It is also seen from the table that in case of all the three data
sets speed up gained by the proposed method is more than 50 %. More detailed results
are listed in Table2, which evidentially shows that the proposed method improves the
efficiency of SVM-RFE without sacrificing the accuracy of either feature selection or

the classification.
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Data Set Classification accuracy(%) Run Time(s
Training Testing Proposed | SVM- | Speed
Proposed | SVM- | Proposed | SVM- | Method RFE Up %
Method RFE Method RFE
Breast 98.8 97.4 94.9 93.6 155 24.2 64.0
cancer
dataset
AML- 97.4 96.4 96.3 954 10.6 13.3 79.7
ALL
dataset
Colon 95.3 94.1 92.3 91.2 19.7 33.9 58.1
cancer
dataset

Table 2 Performance Comparison between the proposed method and SVM-RFE

No.of Times Selected

KRT19 CD24 KRT7 MFAP5 GATA3 ANK3 AGR2TACSTD2KRT14 CB8orf4
Gene Symbol

Figure 5 Stability of the proposed method on Breast cancer dataset

To verify the stability of the proposed method experiment is conducted for the
breast cancer dataset. Figure 5 shows the total number of times each feature has been
selected over 10 trials for the breast cancer dataset. The figure is plotted for Gene
symbol versus number of times a gene being selected. From the figure it is seen that
the genes with symbols KRT19 ,CD24, KRT7, GATA3, AGR2 TACSTD2 are
selected all the 10 times where as ANK3 and KRT14 are selected one time and
C8orf4 MFAPS are not at all selected in the 10 trials. This clearly indicates that the
proposed method gives very good stability in terms of feature selection also.
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6. Conclusion

In this paper, we present an accelerated feature selection method which is an
enhancement of SVM-RFE. First an initial filtering was done to remove the
noninformative features. As a result the number of SVM training is reduced. To make
the feature pruning process more effective, we formulated a new feature ranking
criterion to take into account the class discriminative power of the features along with
the ability of the features to retain the size of the margin as large as possible even
after feature elimination. The results of the experiments conducted on the three
microarray data sets demonstrated that our feature ranking criteria has improved the
generalization ability of the classifier built from the selected features. Furthermore,
during the feature selection process, an active training set is maintained as the
candidates of the support vectors. This reduced the training set of SVM considerably.
In this way, the number of samples participating in a single time SVM construction
decreases, and the training process is ultimately speeded up. It is demonstrated that
the proposed method has reduced the computational time as well as improved the
generalization ability of the SVM-RFE algorithm.
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