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JAGS

◦ Developed By Martyn Plummer

◦ Uses Gibbs sampler

◦ Interfaces with R using rjags and R2Jags



Laplace’s Demon

◦ Created by Byron Hall/Statiscat,

maintained by Henrik Singmann

◦ “Dealers Choice” (HARM, Metropolis

within Gibbs, CHARM, etc.)

◦ Written in R/Ccp



Pick any number you like, but there’s only

one number appropriate for a demon1

> set.seed(666)

1Demonic references are used only to add flavor to the
software and its use, and in no way endorses beliefs in demons.
This specific pseudo-random seed is often referred to, jokingly,
as the ‘demon seed’



Stan

◦ Started by Andrew Gelman, 54 current

employees

◦ Uses Hamiltonian Monte Carlo

◦ Interfaces with R using rstan



Objective Bayes
Iris Dataset
x = sepal length
c = name of flower (1 = setosa, 2 = versicolor, 3 = viginica)

µi ∝ 1 (i ∈ {1, 2, 3})

σi ∝
1

σ

(
σ2
i ∝

1

σ2

)
xj ∼ N(µc[j ], σc[j ]) (j ∈ {1, · · · ,N})



Iris: Stan
// In t h i s example we have a v e c t o r o f r e s p on s e s y w i th mixed groups
// We keep t r a c k o f which r e s p on s e s a r e f o r which group by c
data {

i n t N;
r e a l y [N ] ;
i n t c [N ] ;

}

pa ramete r s {
r e a l mu [ 3 ] ;
r e a l<l owe r=0> s igma [ 3 ] ;

}

model {
f o r ( i i n 1 : 3 ){

t a r g e t += −1 ∗ l o g ( s igma [ i ] ) ;
// J e f f r i e s p r i o r i n the l ogged form

}
f o r ( i i n 1 :N){

y [ i ] ˜ normal (mu[ c [ i ] ] , s igma [ c [ i ] ] ) ;
}

}



Iris: Jags

model {
# P r i o r s
f o r ( i i n 1 : 3 ) {

mu[ i ] ˜ dnorm (0 , . 0 001 )
# Cannot use j e f f r i e s p r i o r l o l

}

f o r ( i i n 1 : 3 ) {
s igma [ i ] ˜ dgamma ( . 0 01 , . 0 01 )
# Almost J e f f r i e s P r i o r
tau [ i ] <− 1/( s igma [ i ] ∗ s igma [ i ] )
# Jags u s e s the p r e c i s i o n
# pa r ame t e r i z a i o n f o r Normal

}

# L i k e l i h o o d
f o r ( i i n 1 :N) {

y [ i ] ˜ dnorm (mu[ c [ i ] ] , tau [ c [ i ] ] )
}

}



Aside



Iris: Laplaces Demon
Model <− f u n c t i o n ( parm , Data ) {

## Parameter s
mu <− parm [ 1 : 3 ]
s igma <− exp ( parm [ 4 : 6 ] )
# Re c a l l we must r e p a r ame t e r i z e l o g . s igma

## P r i o r s
s igma . p r i o r <− −2 ∗ l o g ( s igma )

## L i k e l i h o o d and P o s t e r i o r P r e d i c t i vw e
LL <− 0
pp <− r ep (0 , l e n g t h (Data$C ) )

f o r ( i i n 1 : l e n g t h (Data$C )){
LL <− LL + dnorm ( Data$y [ i ] , mu[ Data$C [ i ] ] ,

s igma [ Data$C [ i ] ] , l o g=TRUE)
pp [ i ] <− rnorm (1 , mu[ Data$C [ i ] ] , s igma [ Data$C [ i ] ] )

}

## Ca l c u l a t e the P o s t e r i o r
LP <− LL + sum( sigma . p r i o r )

Modelout <− l i s t (LP=LP , Dev=−2∗LL , Monitor=c (LP) ,
yhat=pp , parm=parm )

r e t u r n ( Modelout ) }



Iris: Results



Hierarchical Bayes
Jay’s Dataset
x = Final enrollment, n = Maximum enrollment
c = class identifier (15 = 230, 44 = 662)
i ∈ {1, · · · , 49} and j ∈ {1, · · · ,N}.

α ∝ 1

β ∝ 1

θi ∝ B(α, β)

λi ∝
1√
λ

xj ∼ Bi(nj , θc[j ])

nj ∼ Poi(λc[j ])



Student: Stan
data {

i n t<l owe r = 0> N; i n t<l owe r = 0> M;
i n t x [N ] ; i n t n [N ] ; i n t c [N ] ;

}

pa ramete r s {
r e a l<l owe r = 0> lambda [M] ; r e a l<l owe r = 0> a lpha ;
r e a l<l owe r = 0> beta ; r e a l<l owe r = 0 , upper = 1> t h e t a [M] ;

}

model {
f o r ( i i n 1 :M){

t h e t a [ i ] ˜ beta ( a lpha , beta ) ;
// The h i e r a r c h i c a l b i t i s h e r e
t a r g e t += −.5 ∗ l o g ( lambda [ i ] ) ;
// J e f f r i e s f o r lambda

}

f o r ( i i n 1 :N){
n [ i ] ˜ p o i s s o n ( lambda [ c [ i ] ] ) ;
x [ i ] ˜ b i n om i a l ( n [ i ] , t h e t a [ c [ i ] ] ) ;

}
}



Student: JAGS

model {
# P r i o r s
a l pha ˜ dun i f (0 ,1000)
beta ˜ dun i f (0 ,1000)

f o r ( i i n 1 :M) {
lambda [ i ] ˜ dgamma ( . 5 , . 0001 )
t h e t a [ i ] ˜ dbeta ( a lpha , beta )
# Here i s the h i e r a r c h i c a l b i t

}

# L i k e l i h o o d
f o r ( i i n 1 :N) {

n [ i ] ˜ dpo i s ( lambda [ c [ i ] ] )
x [ i ] ˜ db in ( t h e t a [ c [ i ] ] , n [ i ] )

}
}



Student: Laplace’s Demon
Model <− f u n c t i o n ( parm , Data ) {

### Parameter s
parm [ 9 9 ] <− a lpha <− i n t e r v a l ( parm [ 9 9 ] , a=1)
parm [ 1 0 0 ] <− beta <− i n t e r v a l ( parm [ 1 0 0 ] , a=1)
parm [ 1 : 4 9 ] <− p i <− i n t e r v a l ( parm [ 1 : 4 9 ] , 0 . 001 , 0 . 999 )
parm [ 5 0 : 9 8 ] <− lambda <− i n t e r v a l ( parm [ 5 0 : 9 8 ] , a = 0)

### Log ( P r i o r D e n s i t i e s )
p i . p r i o r <− dbeta ( p i , a lpha , beta , l o g=TRUE)
lambda . p r i o r <− dgamma( lambda , 1 , . 0001 ,

l o g = TRUE)

### Log−L i k e l i h o o d
LL <− 0
f o r ( i i n 1 : l e n g t h ( Data$y ) ){

LL <− LL + dpo i s ( Data$n [ i ] , lambda [ Data$c [ i ] ] , l o g = TRUE)
LL <− LL + dbinom ( Data$y [ i ] , Data$n [ i ] , p i [ Data$c [ i ] ] ,

l o g = TRUE) }

### Log−Po s t e r i o r
LP <− LL + sum( p i . p r i o r ) + sum( lambda . p r i o r )
Modelout <− l i s t (LP=LP , Dev=−2∗LL , Monitor=LP ,

yhat=rbinom ( l e n g t h ( Data$n ) , Data$pi ) ,
parm=parm )

r e t u r n ( Modelout )}



Student: S&DS 230



Student: S&DS 662



Speed
Isurance Dataset (Kaggle)
x = 9 predictor columns (age, sex, location, etc.)
y = Insurance claim amount
j ∈ {1, · · · ,N}.

β ∼ N (⃗0, 10I)

σ2 ∼ G (1, 1)

yj ∼ N(xjβ, σ)



Insurance: Stan

data {
i n t<l owe r=0> N;
i n t<l owe r=0> P ;
mat r i x [N, P ] x ;
v e c t o r [N] y ;

}

pa ramete r s {
v e c t o r [P ] beta ;
r e a l<l owe r=0> s igma ;

}

model {
beta ˜ normal ( 0 , 1 0 ) ;
s igma ˜ gamma ( 1 , 1 ) ;
y ˜ normal ( x ∗ beta , s igma ) ;

}



Insurance:

model {
# P r i o r s
f o r ( i i n 1 :P){

beta [ i ] ˜ dnorm (0 ,1/100)
}

s igma ˜ dgamma(1 , 1 )
tau = 1 / ( s igma )

# L i k e l i h o o d
mu = x %∗% beta
f o r ( i i n 1 : l e n g t h ( y ) ){

y [ i ] ˜ dnorm (mu[ i ] , tau )
}

}



Insurance:

Model <− f u n c t i o n ( parm , Data ) {
### Parameter s
beta <− parm [ Data$pos . beta ]
parm [ Data$pos . s igma ] <− s igma <−

i n t e r v a l ( parm [ Data$pos . s igma ] , 1e−100)
### Log−P r i o r
beta . p r i o r <− sum( dnormv ( beta , 0 , 100 , l o g=TRUE) )
s igma . p r i o r <− dgamma( sigma , 1 , 1 , l o g=TRUE)

### Log−L i k e l i h o o d
mu <− t c r o s s p r o d ( Data$x , t ( beta ) )
LL <− sum( dnorm (Data$y , mu, sigma , l o g=TRUE) )

### Log−Po s t e r i o r
LP <− LL + beta . p r i o r + sigma . p r i o r
Modelout <− l i s t (LP=LP , Dev=−2∗LL , Monitor=LP ,

yhat=rnorm ( l e n g t h (mu) , mu, s igma ) , parm=parm )
r e t u r n ( Modelout )

}



Insurance:




