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Abstract

In this paper, we use a composite Mlinex loss function as the basic criterion for the study. Alamka
is a measure of the goodness of statistical models, which is often used for model selection. When
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we introduce the inverse gamma distribution as a prior distribution into the model, we use the
Mlinex loss function to evaluate the performance of the Alamba index, and discuss three different
parameter estimation methods under this distribution: Bayes estimation, E-Bayes estimation, and
multilayer Bayes estimation. In order to verify the performance of these estimation methods, nu-
merical simulation is used in this paper. By building simulated datasets and applying the above
estimation methodes, it is possible to observe how they perform in different situations. The simula-
tion results show that these three estimation methods have good robustness.
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Figure 1. Density function image of Alamka distribution
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