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A therapeutic method that controls disease progression by administering a drug which inhibits the function of a
particular molecule is called molecularly targeted therapy. Since the number of genes which can be targeted in this
method is quite large, it is impossible to verify all of them by human hands. Therefore, in this study, we see the
task of finding new target genes as a problem of machine learning and propose a framework in order to solve this
problem. In the experiment, we used three datasets and examined the proposed method. As a result, the method
outperformed the baseline even when we used any dataset.
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(5) rvadv

rvadv := arg max
r;||r||2≤ε
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3 FEATURE SELECTION
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∗1 http://featureselection.asu.edu/datasets.php#
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1: leukemia 2: Prostate GE 3: TOX 171
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