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Abstract

high dimension low sample size,a new method of dimensionality reduction for gene expression data,called sparse class pre-

To solve the problem of the curse of dimensionality of gene expression data due to the characteristic of

serving projection ( SCPP) is proposed,by combining regression and class preserving projection( CPP). Compared to CPP,

SCPP can avoid the problems of matrix singularity and over-fitting. Experiments are performed on gene expression data for

visualization and sample classification,and the results confirm the effectiveness of the method.
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