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Abstract:Feature Selection is a common standard method used for gene expression micro array data, and an
important phase in calculating a selection method is the stability of the certain gene below same data set with
different samples. The high performance applications of machine learning algorithms have been enhanced by
recent developments. In this paper, a solution which is based on (SVM-RFE) support vector machines recursive
feature elimination and the versions of SYVM-RFE is proposed under ensemble, sample weighting and hybrid
weighting for micro array data set. A new framework is introduced, and we developed the framework for
improving the stability of feature selection algorithm and compare its efficiency and effectiveness with
representative method.
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1. Introduction

The identification of cancer identification is a main problem in cancer genomics, due to time consuming and
cost it is important to select candidates for validation. Gene expression microarray data are mostly used for
different types cancer studies, and the stability of gene selection is a popular topic in machine learning. Some
feature selection results are affected by selecting gene, data distribution, and sample sizes. In this paper a
framework has been developed, we proposed a hybrid weighting to improve the stability of selection methods.

Figure 1. Feature space transformation based on hypothesis margin (a) is an original feature space and
(b) is a Hypothesis margin feature space. According to the hypothesis margin in a original space is
projected by each data in a original feature space. The class label of data is distinguished by square and
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Where x j is the jth coordinate of x in the new feature space and xj, XMj , or xHj is the jth coordinate of x, xH,
or XM in the original feature space R, respectively. Vector x is called the margin vector of x, and R “ is called
the margin vector feature space, where , xH, and xM are nearest hit and miss to x.
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Where x,-Ht or x,-"’“ denotes the jth component of the i th neighbor to x with the same or opposite class label,
respectively. m or h represents the total number of Misses or Hits (m + h equals the total number of samples in
the training set excluding x).

W(x)= 1Wdist (x') / ¥, 1 Vdist (x) (3)

The distance measure by the above equations.

The rest of the paper is organized as follows: Section 2. SVM-RFE, Section 3. Ensemble SVM-RFE, Section 4.
Sample weighting Algorithm, Section 5. Hybrid weighting Algorithm, Section 6. Results, Section 7 Conclusion
and Future work

1. SVM-RFE Algorithm
Support Vector machine recursive feature elimination (SVM-RFE) for gene selection approach has been
recently attracted many researchers and the method that used for weighting criterion of genes. SVM-RFE was
introduced by Guyone et al[7]. The performance of SVM-RFE become unstable at particular values of the gene
filter, the features are eliminated, allowing to a principle related to their support to the discrimination function,
and the SVM is re-trained at each step.

Algorithm Steps

Step 1 Train an SVM on the training set
Step 2 Order features via the weights of the
resulting classifier
Step 3 Eliminate features with the lowest
weight
Step 4 Repeat the process with the training set
limited to the remaining features.

1. Ensemble SVM-RFE
An Ensemble method is established to improve the stability of feature selection; the most popular bagging
ensemble framework is compared with the sample weighting frame work. Then to aggregate the different
ranking, and the linear aggregation scheme is used to rank summing based on all bootstrapped [1].

V. Sample weighting Algorithm
The research is mainly focused on hypothesis margin, the feature selection is based upon the original data set,
and each and every sample has been equally weighted. The margin based sample weighting is exploiting the
weighting samples, in order to alleviate the effect of training data of feature selection results the margin vector
feature space considers each class from one nearest neighbor. To overcome the noise and outliers in the training
set of the transformed feature space the multiple nearest neighbors from each class is used. The main tasks are to
exploit the discrepancy of margin vectors in this weight sample in the original space to improve the stability of
feature selection methods under training data. We used lower weights to samples, the distance computing is
involved by both feature space transformation and sample weighting, therefore it is effective and to give more
efficient for micro array data.
Sample weighting algorithm flow

Calculate and store pair-wise distances among
all margins

vectors x;

fori=1tondo
For x;, compute its weight according to Eq. (3)
end for

V. Hybrid weighting Algorithm

To improve the stability of feature selection we present a method based on the concept of boosting and our
method evaluated the quality of feature on weighting criterion. The term fraction weighting is used in the
margin along with sample weighting to increase the stability of feature selection algorithm, the combination of
this hybrid weighting for feature selection is more stable and efficient than sample weighting over micro array
data.

VL. Result over Feature Selection Algorithm
The micro array data set here used is a colon(cancer) with 2000 features, 62 samples and the performance is
evaluated using Kuncheva index, this index considers over lapping gene between two gene subsets but not
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involving non overlapping, and highly correlated genes corresponding to molecular changes. To address this
issue we used a measure called percentage of overlapping genes-related nPOGR

Figure 2. Stability of the conventional, Ensemble, Sample weighting, and Hybrid Weighting versions of
SVM-RFE at increasing gene signature sizes. graph (a) based on Kuncheva index and SVM-RFE then (b)
is based on NPOGR and SVM-RFE.
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Table 1. The number of Genes Selected Frequencies across 100 Signature of Size.
Data Selection Method Frequency Intervals
[1,100] | [50,100] [ [85,100]
Colon | SVM-RFE 642 16 1
Ens.SVM-RFE 512 25 7
SW SVM-RFE 350 36 16
HW SVM-RFE 280 39 20
VIL. Conclusion and Future Work

The research is based on hypothesis margin on feature selection algorithm on gene expression micro array data,
Here we proposed the versions of SVM-RFE under ensemble, sample weighting and hybrid weighting. A new
framework is introduced that is hybrid weighting, and the method is compared, the results is show in above
graph. The SVM-RFE  version using hybrid weighting improving the stability of feature selection when
compared with sample weighting and Ensemble, and the results are effectiveness with representatives’ method.
In future we plan to use some other feature selection algorithm.
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