
Markov Chain Monte Carlo

Often the posterior distribution does not have a simple form.  We can 
use Markov Chain Monte Carlo (MCMC) with the Metropolis-Hastings 

algorithm to generate a sample from the posterior distribution.



MCMC and Metropolis-Hastings

1. Monte Carlo

2. Markov Chains

3. Metropolis-Hastings
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MCMC with Metropolis-Hastings

𝑟(𝜃𝑛𝑒𝑤 , 𝜃𝑡−1) =
𝑃𝑜𝑠𝑡𝑒𝑟𝑖𝑜𝑟 𝑝𝑟𝑜𝑏𝑎𝑏𝑖𝑙𝑖𝑡𝑦 𝑜𝑓 𝜃𝑛𝑒𝑤
𝑃𝑜𝑠𝑡𝑒𝑟𝑖𝑜𝑟 𝑝𝑟𝑜𝑏𝑎𝑏𝑖𝑙𝑖𝑡𝑦 𝑜𝑓 𝜃𝑡−1

=
𝐵𝑒𝑡𝑎 1,1, 𝜃𝑛𝑒𝑤 × 𝐵𝑖𝑛𝑜𝑚𝑖𝑎𝑙(10,4, 𝜃𝑛𝑒𝑤)

𝐵𝑒𝑡𝑎 1,1, 𝜃𝑡−1 × 𝐵𝑖𝑛𝑜𝑚𝑖𝑎𝑙(10,4, 𝜃𝑡−1)



MCMC with Metropolis-Hastings

= 𝑚𝑖𝑛 𝑟(𝜃𝑛𝑒𝑤 , 𝜃𝑡−1) , 1

𝑎𝑐𝑐𝑒𝑝𝑡𝑎𝑛𝑐𝑒 𝑝𝑟𝑜𝑏𝑎𝑏𝑖𝑙𝑖𝑡𝑦 = 𝛼(𝜃𝑛𝑒𝑤 , 𝜃𝑡−1)



MCMC with Metropolis-Hastings

𝐼𝑓 𝑢 < 𝛼 𝜃𝑛𝑒𝑤 , 𝜃𝑡−1 𝑇ℎ𝑒𝑛 𝜃𝑡 = 𝜃𝑛𝑒𝑤

𝐷𝑟𝑎𝑤 𝑢 ~ 𝑈𝑛𝑖𝑓𝑜𝑟𝑚(0,1)

𝑂𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒 𝜃𝑡 = 𝜃𝑡−1
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MCMC with Metropolis-Hastings



MCMC with Gibbs Sampling



The bayesmh command

bayesmh heads, ///

likelihood(dbernoulli({theta})) ///

prior({theta}, beta(1,1))





Diagnostic Plots

bayesgraph diagnostics {theta}



Outline
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Bayesian Linear Regression

We will ignore the sample weights to keep things simple.



𝑠𝑏𝑝𝑖 = 𝛽0 + 𝛽1𝑎𝑔𝑒𝑖 + 𝛽2𝑠𝑒𝑥𝑖 + 𝑒𝑖
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