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Bayesian regression modeling: Theory & practice

Part 2: Priors, prior and posterior predictives, and categorical predictors



Setting priors in brms
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Setting priors in brms

read more here

https://michael-franke.github.io/intro-data-analysis/setting-priors.html#fnref62
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Stan code generated by brms

‣ brms generates Stan code implicitly


‣ show it using: brms::stancode(fitted_model)


‣ prior information increases the log-score


‣ priors specified in brms must use Stan-like syntax

read more here

https://michael-franke.github.io/intro-data-analysis/setting-priors.html#fnref62


Prior & posterior 
predictions
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Three pillars of BDA

1. parameter estimation / inference





2. predictions

a. prior





3. model comparison


P(θ | D)

posterior

∝ P(θ)
⏟
prior

× P(D | θ)

likelihood

P(Dpred) = ∫ P(θ) P(Dpred ∣ θ) dθ

P(M1 ∣ D)
P(M2 ∣ D)

posterior odds

=
P(D ∣ M1)
P(D ∣ M2)

Bayes factor

P(M1)
P(M2)

prior odds

b. posterior


P(Dpred ∣ Dobs) = ∫ P(θ ∣ Dobs) P(Dpred ∣ θ) dθ

[which parameter values are credible given data and model?]

[which future data observations are likely given my model?]

[which model of two models is more likely to have generated the data?]
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Prior and posterior predictions
Monte Carlo sampling

‣ fix a model with  and 

• latter can be prior or posterior


‣ a sample from the predictive distribution 
is obtained by:


(i) sampling a vector of parameters 


(ii) sampling “fake” data  from the likelihood 

function, conditioned on the sampled : 




‣ Monte Carlo sampling:

• by taking many samples and “aggregating”, we 

approximate the integrals

- “aggregating” means that (i) we usually don’t care for 

just one sample, but the distributional information in a 
lot of samples, and (ii) we might want to focus on 
particular aspects of each samples “fake” data (e.g., a 
particular summary statistic)

P(D ∣ θ) P(θ)

θ* ∼ P(θ)
D*

θ*
D* ∼ P(D ∣ θ*)

P(Dpred) = ∫ P(θ) P(Dpred ∣ θ) dθ

P(Dpred ∣ Dobs) = ∫ P(θ ∣ Dobs) P(Dpred ∣ θ) dθ

prior predictive

posterior predictive

‣ fix a linear model with 

•  can be prior or posterior


‣ sample a linear predictor 

•  is a matrix of independent variables 

P(θ)
P(θ)

μ* ∼ P(μ* ∣ X, θ)
X

predicted linear predictor
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Example: World-temperature data
 data, model and posterior predictions

‣ data:

• average world temperature 1750-2019


‣ model:

Data

Samples from the posterior predictiveSamples from the posterior predictive
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Visual posterior predictive checks
for world-temperature data

‣ black line:

• distribution of observed temperature


‣ each of the 50 blue lines:

• distribution of temperatures predicted for 

same years given a sample from the posterior
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Exploring prior and posterior prediction
Prior & posterior samples of linear predictor value ( ) μ

prior prediction
posterior prediction
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βyear ∼ Normal(0,0.02) βyear ∼ Normal(0.2,0.05) βyear ∼ Normal(−1,0.005)

prior prediction
posterior prediction

1800 1900 2000

−50

0

50

100

6

7

8

9

10

year

av
er

ag
e 

te
m

pe
ra

tu
re



11

Bayesian predictive p-values
a generalization

‣ fix a model with  and 

• latter can be prior or posterior

• gives prior / posterior predictive p-values


‣  is the predictive distribution for 

model 


‣ Bayesian predictive p-value for observed 

data : 





‣ approximated by sampling:





where  is a sample from the 

predictive distribution

P(D ∣ θ) P(θ)

PM(D)
M

dobs

p(dobs) = PM (D ∈ {d ∣ PM(d) ≤ PM(dobs)})

p(dobs) ≈
1
n

n

∑
i=1

[PM(di) ≤ PM(dobs)]

di ∼ PM(D)

Recap: frequentist p-values

read more here

p (Dobs) = P (T|H0 ⪰H0,a t (Dobs))

https://michael-franke.github.io/intro-data-analysis/ch-03-05-hypothesis-p-values.html

