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In the field of transcriptomics it is widely accepted that over-dispersion is an important feature of
state of the art models [1]. Following the example of several papers (e.g, [1; 2; 3]) where they provide
evidence that their model can handle excessive zeros by using over-dispersion, we demonstrate that
zero-inflated Poisson is also a valid alternative as the over-dispersion property exists. For the sake of
completeness we provide mean and variance formulas for the binomial posterior.
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2 Binomial
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