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Abstract. Principal Component Analysis (PCA) is a well known model for dimensionality reduction in data
mining, it transforms the original variables into a few comprehensive indices. In this paper, we study the prin-
ciple of PCA, the distributed architecture of Spark and PCA algorithm of distributed matrix from spark’s ML-
lib, then improved the design and present a new algorithm named SNPCA ( Spark’s Normalized Principal
Component Analysis), this SNPCA algorithm computes principal components together with data normalization
process. We carried out benchmarking on multicore CPUs and the results demonstrate the effectiveness of
SNPCA.

Key words: PCA; Spark; distributed; normalization



