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Correlation analysis of mutual information by probability density

estimated from improved averaged-shifted-histogram
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Abstract: We introduce the method of improved averaged-shifted-histogram(IASH) to estimate the probability density
by combining the quadratic smooth weight with the uniform smooth weight. The ratio of the original smooth weight to the
uniform smooth weight is dynamically adjusted according to the variance of the number of samples in the corresponding
interval, thus the smooth weight for the edge part of the probability density obtained by the method of averaged-shifted-
histogram(ASH) is proportionally compensated, mitigating the excessive smoothness and improving the precision in the
estimation of probability density by the method of IASH. Using the estimated probability density, we perform the correla-

tion analysis based on the mutual information between two variables, and select input variables to predict the multivariate

time series. Simulations with the synthetic data and Housing data show the efficacy of the proposed method.
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tual information and variable selection)
3.1 H{5 Bfhith(Estimation of mutual information)
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Fig. 1 Density estimation of Arcsin distribution
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Fig. 2 Density estimation of Gaussian Laplacian mixer
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Fig. 3 Estimation of mutual information with synthetic data
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Fig. 4 Estimation of mutual information based on IASH
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