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Hierarchical Bayesian Models: 
What are they?
Examples from astrophysics
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Hinton et al. 2019
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fi (ε; γ, Nhost,i, Nmw,i) = Ki ( ε
εpiv )

γi

η (Nhost,i, ε (1 + zi)) η (Nmw,i, ε)

Starling+ 2013
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fi (ε; γ, Nhost,i, Nmw,i) = Ki ( ε
εpiv )

γi

η (Nhost,i, ε (1 + zi)) η (Nmw,i, ε) η (N0,i, z, ε)

slab of WHIM

integrate along the LOS

WHIM
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∀i ∈ {1…NGRB }, ∀j ∈ {1…Nchan } spectral likelihood model



model

absorption varies due to distance 
from observer

sources maintain local properties 
informed by global distributions

{
line of sight integraln0c

H0 ∫
z

0

(1 + z)2 dz

[ΩM(1 + z)3 + ΩΛ]
1
2



fitting the model with WHIM
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https://betanalpha.github.io/assets/case_studies/hierarchical_modeling.html
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Summary

• Hierarchical modeling is more than statistics, its a way to think about 
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