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Motivation Summary R package
® Bayesian network modelling output is usually ® Generate MCMC samples from the posterior ® Structural MCMC sampler’: mecmcabn
a unique structure distribution of the DAGs ® Flexible implementation
® Need to account for the uncertainty in the ® The samples can be queried ® Three priors:
structures ° Efflc;lently sample DAGs Uniformative
* Need for Bayesian model averaging https://www.math.uzh.ch/pages/mcmcabn/ Penalized complexity
accounting for prior structure knowledge https://CRAN.R-project.org/package=mcmcabn User defined
How to fit an Additive Bayesian Network from lllustrative example3
data with the search-and-score method?2? Adaptation of the piq adq dataset. 8 variables, n = 341 observations
Variable Meaning
Struct |
ru Hres g AI_(.:./BIC Adjustment AR presence of atrophic rhinitis (0/1)
Exact or heuristic search .
= score 1 pneums presence of moderate to severe pneumonia (0/1)
— score 2 c c O female sex of the pig (1=female, O=castrated)
score 3 QQ g@ ‘ . . livdam presence of liver damage (0/1)
Causallty! J eges presence of fecal/gastriointestinal nematode eggs at time of slaughther (0/1)
- score 4
\ Ban/Retain / . wormCount count of nematodes in small intestine at time of slaughter (nr.)
structures
age days elapsed from birth to slaughter (days)
adg average daily weight gain (grams)
How to perform MCMC over structures? 250 medion 9750
AR|age 1.664 2221 3.034
ADD DELETE REVERSE SHUFFLE
livdam|eggs 1.941 4.697 14.239
= eggs|adg 1.413 1.848 2.447

wormCount(AR 0.152 0.273 0.395

wormCountjeggs  3.280 3.504 3.741

wormCountlage -0.824  -0.685 -0.548

wormCountladg -0.374  -0.240 -0.107

Steep downhill
steps are almost AR

n eggs agelfemale 0.188 0.397 0.606

adglage -0.921 -0.868 -0.816

Uphill steps |
are always |
accepted . FO"OWII‘Ig these livdam
® rules, the workers Joint work with Arianna Comin
ﬂ :  tend to stay near
:  the peak . Methods « MBR e REV
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