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The Comparison of Methods for

Estimating the High-Dimensional Covariance Matrices

LI Xiaoxue MING Ruixing"
( School of Statistics and Mathematics Zhejiang Gongshang University Hangzhou Zhejiang 310018 China)

Abstract: The differences between the thresholding estimation and the shrinking estimation are reported by a series

of simulations and the proper estimation is proposed within these two estimations in practice. The simulations show

that if the population covariance matrix is a sparse matrix the thresholding estimation is better than that of the

shrinking estimation and vice versa.
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