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Abstract

Feature selection is to reduce dimension by finding features that contribute significantly to the
objective function. This method hopes to remove redundant features as much as possible and in-
terpret these data more accurately and reasonably. Researchers have a long history of research on
feature selection, so feature selection is becoming more and more accurate and effective. After in-
troducing the concept of feature selection, this paper briefly reviews the development of feature
selection methods and theories, and focuses on the application of support vector machines in fea-
ture selection.
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