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Abstract

High-dimensional compositional data arise in many applications, and statistical methods often fail to
produce sensible results due to the unit-sum constraints. The estimation of high dimensional cova-
riance matrix or precision (inverse covariance) matrix is the basic problem of modern multivariate
analysis. In this paper, the precision matrix estimation problem for high-dimensional compositional
data is considered. It is known that the inverse of the sample covariance matrix is unstable for the
estimate precision matrix. Since the sample size of the data is smaller than the number of variables,
the inverse of the high-dimensional data matrix is difficult to estimate. In this paper, we use the cen-
tered log-ratio transformation method to process high-dimensional compositional data, and then
solve the singularity problem of covariance matrix, and obtain the precision matrix estimation of
high-dimensional compositional data. Simulation experiments and actual data can verify the ratio-
nality of the proposed method.
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Figure 1. Boxplots of sample correlation under different transformations in mode 1
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Figure 2. Boxplots of sample correlation under different transformations in mode 2
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Table 1. The precision matrix performance index under different transformations obtained in mode 1
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P Q Q, Q,
ERER:S
50 0.7464 0.7440 3.0591
100 0.5569 0.5550 2.4696
200 0.4554 0.4542 2.1795
Frobenius J5.4§
50 2.4577 2.4245 10.8431
100 2.9003 2.8745 13.7074
200 3.7898 3.7713 18.6849
Table 2. The precision matrix performance index under different transformations obtained in mode 2
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50 0.1212 0.1187 0.5845
100 0.1190 0.1177 0.6227
200 0.1195 0.1188 0.6112
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50 0.6286 0.6160 2.9426
100 0.8574 0.8486 4.0881
200 1.1897 1.1838 5.7714
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