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Bayesian vs. Frequentist
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Beta+ Binomial=> Beta

I Gamma + Poisson =2 Gamma
g Normal + Normal - Normal

Dirichlet + Multinomial = Dirichlet
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Posterior Density (Coin Tossing)
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Probability density
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Bayesian inference results for prediction of century after n trials
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Normal + Normal =2 Normal
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Choices of M, A, & B (cont.)
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Correlation Matrix (Positive Definite)

PDM=function(n,rho) {
A=NULL
j=c(1:n)
for(11n 1:n) {
A=rbind(A,rho”abs(i-}))
)
return(A)
)
it
# Use “eigen” to check the result.
eigen(PDM(5,0.9))
Svalues
[1] 4.26213409 0.45446614 0.14592141 0.07943386 0.05804450
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An Example MCMC — Simple Linear Regression
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library(devtools)
library(ggplot2)
library(HDInterval)
library(MCMCpack)
library(mcmc)
library(mcmcse)
library(Rcpp)
library(RcppArmadillo)
library(stableGR)

line = list(X =c¢(-2,-1,0,1,2), Y =¢(1,3,3,3,5))
posterior = MCMCregress(Y~X, b0=0, BO = 0.1,
sigma.mu = 5, sigma.var = 25, data=line, verbose=1000)
plot(posterior)
raftery.diag(posterior)

summary(posterior)

25%  25% 50%  75%  97.5%
Intercept = 3 1.3085 2.3765 2.8594 3.3180 3.3290
Slope = 0.8 -0.3465 0.4353 0.7788 1.1100 1.8460

Sigma = 0.7303 1.1552 1,8859 2.5745 3.6240 7.8270
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s b= ¢ H sutrie i T bikes.csv
R Bt 4 B(Y) B R (X)
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Estimate Std. Error t value Pr(>|t|)

(Intercept) -667.916 251.608 -2.655 0.00811 **
temp feel 57.892 3.306 17.514 <2e-16 ***
Residual standard error: 1310 on 729 degrees of freedom

Multiple R-squared: 0.2961, Adjusted R-squared: 0.2952
F-statistic: 306.7 on 1 and 729 DF, p-value: <2.2e-16
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