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Abstract: Aimed at dimensionality reduction method for processing high-dimensional features of big data to research and
found that feature selection and subspace learning are two traditional methods of dimensionality reduction. Where feature selec—
tion contains interpretable characteristics while subspace learning shows better classification performance than the former. And
it often applied these two methods independently. This paper proposed a novel feature selection method by integrating subspace
learning( i. e. via using LDA and LPP respectively for preserving the global structures and the local structure of data) with
feature selection (i.e. via a sparse regularization term) . Experimental results based on classification accuracy variance and
coefficient of variation as comparative evaluations show that this algorithm compared to other algorithms is more effectively to
select discriminating property and can achieve good classification results.
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