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Introduction

Many statistical data analysis methods can help evaluate cancer progression
among patients by creating a set of gene markers. However, one of the main
problems in the statistical study of this type of data is the large number of
genes versus the small number of samples. The situation is known as “big
p and small n” among the scientific communities. Consequently, one should
utilize some dimensionality reduction techniques for proper statistical anal-
ysis. One essential purpose of studying the gene data is to find the optimal
number of genes to predict the desired classes accurately. Many machine
learning tools were provided, so choosing an appropriate method is critical
to providing an efficient statistical model. Support vector machine is a valu-
able technique to classify complex data such as gene expressions for prostate
cancer. A new modified version of this tool called the random support vector
machine cluster has been introduced in the machine learning communities.
It is an ensemble learning approach and suitable to find the optimal feature
set. The primary rationale of this technique is randomly projecting the orig-
inal high-dimensional feature space onto multiple lower-dimensional feature
subspaces and combining support vector machine classifiers. This paper will
highlight the procedure for implementing this technique. It is shown that
the main outcome of applying this tool to analyze the gene expression data
for prostate cancer is twofold. It gives us not only the important genes but
also a high level of classification precision.

Material and Methods
We use a Random Subsample Ensemble (RSE) to overcome the problem
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caused by treating the high dimensional data. It is a variable selection based
on the learning ensemble. Then, we utilize the Random Support Vector Ma-
chine Cluster (RSVMC) to classify the data and select the set of optimal
variables. Note that we should repeat selecting the necessary variable pro-
cedure in invoking the SVM to allow the randomness of SVMC. To evaluate
the model, we divide the data set into three common parts, i.e., training,
validation, and testing samples. Moreover, we use the sigmoid kernel during
the fitting step. We consider the accuracy, sensitivity, and specificity mea-
sures to showcase the model’s superiority.

Results and Discussion

Our results, implemented on the prostate cancer data, show the RSVMC
was able to identify thirteen patients with prostate cancer correctly. How-
ever, it made the mistake of recognizing two persons with having the disease
while they did not have it. Regarding accuracy, sensitivity, and specificity
measures, our method reached about ninety-three hundred and eighty-eight
percent values, respectively. There is still room to implement our approach
in the multi-class classification problem and compare it with other variable
selection techniques, such as the regularization strategy.

Conclusion

The new idea presented in this paper, i.e., RSVMC, is a powerful tool to
select an optimal subset of the optimal variable and then use it in a clas-
sification problem by invoking the support vector machine technique. Such
a strategy will lead to the high efficiency of the model as well as provide a
smooth and relevant interpretation of the essential genes. Moreover, it gains
a high actual positive rate, leading to correctly identifying the patients who
have prostate cancer.

Keywords: Ensemble learning, Dimensionality reduction, Classification, Ran-
dom support vector machine cluster, Optimal feature set.
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