NORMALITY CHECKS OF POSTERIOR PREDICTIVE DIAGNOSTICS DX

ENIETHMON & TMHMA

TEXNOAOTIAL 1har Ayl
ghislge el b o | DEPARTMENT OF

Kostantinos Matzorakis and loannis Ntzoufras orxomomico | s s oot or RIS

TECHNOLOGY

SCIENCES &
Athens University of Economics and Business

The Posterior Predictive Example with data from a

Objectives

Distribution

gamma disrtibution
* Review of posterior predictive di-
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tion in a glosgd form produced by some graphical checks by Il
a normal likelihood. o
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I * Finding a normality check model
- Likelihood: y; ~ Normal(ju, o?). r:;f}gg;f process.

* Priors: :

1/o® ~ N(0,02/ng)

1 /0% ~ Gamma(ug/2, uOSg/Q).
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