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Abstract

The LaplacesDemon package in R enables Bayesian inference with any Bayesian model,
provided the user specifies the likelihood. This vignette is a compendium of examples of
how to specify different model forms.

Keywords:”Bayesian, Bayesian Inference, Laplace’s Demon, LaplacesDemon, R, STATISTI-
CAT.

LaplacesDemon (Hall 2011), usually referred to as Laplace’s Demon, is an R package that is
available on CRAN (R Development Core Team 2011). A formal introduction to Laplace’s
Demon is provided in an accompanying vignette entitled “LaplacesDemon Tutorial”, and an
introduction to Bayesian inference is provided in the “Bayesian Inference” vignette.

The purpose of this document is to provide users of the LaplacesDemon package with examples
of a variety of Bayesian methods. To conserve space, the examples are not worked out in detail,
and only the minimum of necessary materials is provided for using the various methodologies.
Necessary materials include the form expressed in notation, data (which is often simulated),
initial values, and the Model function.

Notation in this vignette follows these standards: Greek letters represent parameters, lower
case letters represent indices, lower case bold face letters represent scalars or vectors, proba-
bility distributions are represented with calligraphic font, upper case letters represent index
limits, and upper case bold face letters represent matrices.

This vignette will grow over time as examples of more methods become included. Contributed
examples are welcome. Please send contributed examples in a similar format in an email to
laplacesdemon@statisticat.com for review and testing. All accepted contributions are, of
course, credited.
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1. ANCOVA

This example is essentially the same as the two-way ANOVA (see section 3), except that a
covariate X 3 has been added, and its parameter is .

1.1. Form

yi~ N(:u‘l? 0—%)
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i = o+ X1 +v[Xi2] +0Xi2, i=1,...,N
€ =Y; — Mi
o ~ N(0,1000)
Bi~N(0,03), j=1,...,(J—1)

J—1
Br=->_ B
j=1
e~ N(0,03), k=1,...,(K—1)
K-1
TK = — 83
k=1

o ~ N(0,1000)
Om ~ HC(25), m=1,...,3

1.2. Data

N <- 100

J <- 5 #Number of levels in factor (treatment) 1

K <- 3 #Number of levels in factor (treatment) 2

X <- matrix(cbind(round(runif(N,0.5,J+0.49)) ,round(runif (N,0.5,K+0.49)),
runif (N,-2,2)), N, 3)

alpha <- runif(1,-1,1)

beta <- runif(J,-2,2)

betal[J] <- -sum(betal1:(J-1)]1)

gamma <- runif (K,-2,2)

gamma[J] <- -sum(gamma[1:(X-1)])

delta <- runif(1,-2,2)

y <- alpha + betalX[,1]] + gamma[X[,2]] + deltax*X[,3] + rnorm(N,0,0.1)

mon.names <- c("LP","beta[5]","gamma[3]","sigmal[1]","sigma[2]","sigma[3]",
"s.beta","s.gamma","s.epsilon")

parm.names <- parm.names(list(alpha=0, beta=rep(0,J-1), gamma=rep(0,K-1),
delta=0, log.sigma=rep(0,3)))

MyData <- list(J=J, K=K, N=N, X=X, mon.names=mon.names,
parm.names=parm.names, y=y)

1.3. Initial Values

Initial.Values <- c(0, rep(0,(J-1)), rep(0,(K-1)), 0, rep(log(1),3))

1.4. Model

Model <- function(parm, Data)

{
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### Parameters

alpha <- parm[1]

beta <- rep(NA,Data$J)

beta[1:(Data$J-1)] <- parm[2:Data$J]

betal[J] <- -sum(betall:(Data$J-1)]) #Sum-to-zero constraint

gamma <- rep(NA,Data$K)

gamma[1: (Data$k-1)] <- parm[grep("gamma", Data$parm.names)]

gamma [K] <- -sum(gamma[1:(Data$K-1)]) #Sum-to-zero constraint

delta <- parm[grep("delta", Data$parm.names)]

sigma <- exp(parm[grep("log.sigma", Data$parm.names)])

### Log(Prior Densities)

alpha.prior <- dnorm(alpha, O, sqrt(1000), log=TRUE)

beta.prior <- sum(dnorm(beta, 0, sigma[2], log=TRUE))

gamma.prior <- sum(dnorm(gamma, O, sigma[3], log=TRUE))

delta.prior <- dnorm(delta, 0, sqrt(1000), log=TRUE)

sigma.prior <- sum(dhalfcauchy(sigma, 25, log=TRUE))

### Log-Likelihood

mu <- alpha + beta[Data$X[,1]] + gamma[Data$X[,2]] +
delta*Data$X[,3]

LL <- sum(dnorm(Data$y, mu, sigmal[1l], log=TRUE))

### Variance Components

s.beta <- sd(beta)

s.gamma <- sd(gamma)

s.epsilon <- sd(Data$y - mu)

### Log-Posterior

LP <- LL + alpha.prior + beta.prior + gamma.prior + delta.prior +
sigma.prior

Modelout <- list(LP=LP, Dev=-2*LL, Monitor=c(LP, betal[Data$J],
gamma [Data$K], sigma, s.beta, s.gamma, s.epsilon), yhat=mu,
parm=parm)

return(Modelout)

}

2. ANOVA, One-Way

When J = 2, this is a Bayesian form of a t-test.

2.1. Form

y ~ N (u,07)
wi=a+px], i=1,...,N
a ~ N(0,1000)
Bi~N(0,03), j=1,...,(J—1)
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J—1
Br==>_ B
j=1

o1 ~ HC(25)

2.2. Data
N <- 100
J <=5

x <- round(runif (N, 0.5, J+0.49))

alpha <- runif(1,-1,1)

beta <- runif(J,-2,2)

betal[J] <- -sum(betal[1:(J-1)])

y <- rep(NA, N)

for (i in 1:N) {y[i] <- alpha + beta[x[i]] + rnorm(1,0,0.2)}

mon.names <- c("LP","beta[1]","sigma[1]","sigma[2]")

parm.names <- parm.names(list(alpha=0, beta=rep(0,J-1),
log.sigma=rep(0,2)))

MyData <- 1list(J=J, N=N, mon.names=mon.names, parm.names=parm.names, X=X,
y=y)

2.3. Initial Values

Initial.Values <- c(0, rep(0,(J-1)), rep(log(1),2))

2.4. Model

Model <- function(parm, Data)
{
### Parameters
alpha <- parm[1]
beta <- rep(NA,Data$J)
betal[l: (Data$J-1)] <- parm[2:Data$J]
betal[J] <- -sum(betall:(Data$J-1)]) #Sum-to-zero constraint
sigma <- exp(parm[grep("log.sigma", Data$parm.names)])
### Log(Prior Densities)
alpha.prior <- dnorm(alpha, O, sqrt(1000), log=TRUE)
beta.prior <- sum(dnorm(beta, 0, sigma[2], log=TRUE))
sigma.prior <- sum(dhalfcauchy(sigma, 25, log=TRUE))
### Log-Likelihood
mu <- alpha + betal[Data$x]
LL <- sum(dnorm(Data$y, mu, sigmal[l], log=TRUE))
### Log-Posterior
LP <- LL + alpha.prior + beta.prior + sigma.prior
Modelout <- list(LP=LP, Dev=-2%LL, Monitor=c(LP,beta[Data$J],
sigma), yhat=mu, parm=parm)
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return(Modelout)

}

3. ANOVA, Two-Way

In this representation, o are the superpopulation variance components, s.beta and s.gamma
are the finite-population within-variance components of the factors or treatments, and s.epsilon
is the finite-population between-variance component.

3.1. Form
yi ~ N (i, 07)
pi =a+ BXii] +v[Xio], i=1,....,N
€ =Y; — Hi
a ~ N(0,1000)
ﬁjNN(Oaa%)v ]:171(‘]_1)
J-1
Br=->_ B
j=1
Y ~N(0,03), k=1,...,(K—-1)
K-1
TK = — V&
k=1
o~ HC(25), m=1,...,3
3.2. Data
N <- 100

J <- 5 #Number of levels in factor (treatment) 1

K <- 3 #Number of levels in factor (treatment) 2

X <- matrix(cbind(round(runif (N, 0.5, J+0.49)),round(runif(N,0.5,K+0.49))),
N, 2)

alpha <- runif(1,-1,1)

beta <- runif(J,-2,2)

betal[J] <- -sum(betall:(J-1)]1)

gamma <- runif(X,-2,2)

gamma[J] <- -sum(gamma[1:(K-1)])

y <- alpha + betalX[,1]] + gamma[X[,2]] + rnorm(1,0,0.1)

mon.names <- c("LP","betal[5]","gammal[3]","sigmal[1]","sigma[2]","sigma[3]",
"s.beta","s.gamma","s.epsilon")

parm.names <- parm.names(list(alpha=0, beta=rep(0,J-1), gamma=rep(0,K-1),
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log.sigma=rep(0,3)))
MyData <- 1list(J=J, K=K, N=N, X=X, mon.names=mon.names,
parm.names=parm.names, y=y)

3.3. Initial Values

Initial.Values <- c(0, rep(0,(J-1)), rep(0,(K-1)), rep(log(1),3))

3.4. Model

Model <- function(parm, Data)

{

### Parameters

alpha <- parm[1]

beta <- rep(NA,Data$J)

betal[l: (Data$J-1)] <- parm[2:Data$J]

betal[J] <- -sum(betall:(Data$J-1)]) #Sum-to-zero constraint

gamma <- rep(NA,Data$k)

gamma[1: (Data$k-1)] <- parm[grep("gamma", Data$parm.names)]

gamma [K] <- -sum(gamma[1:(Data$K-1)]) #Sum-to-zero constraint

sigma <- exp(parm[grep("log.sigma", Data$parm.names)])

### Log(Prior Densities)

alpha.prior <- dnorm(alpha, 0, sqrt(1000), log=TRUE)

beta.prior <- sum(dnorm(beta, 0, sigmal[2], log=TRUE))

gamma.prior <- sum(dnorm(gamma, O, sigmal[3], log=TRUE))

sigma.prior <- sum(dhalfcauchy(sigma, 25, log=TRUE))

### Log-Likelihood

mu <- alpha + beta[Data$X[,1]] + gamma[Data$X[,2]]

LL <- sum(dnorm(Data$y, mu, sigmal[1l], log=TRUE))

### Variance Components

s.beta <- sd(beta)

s.gamma <- sd(gamma)

s.epsilon <- sd(Data$y - mu)

### Log-Posterior

LP <- LL + alpha.prior + beta.prior + gamma.prior +
sigma.prior

Modelout <- 1list(LP=LP, Dev=-2*LL, Monitor=c(LP, beta[Data$J],
gamma[Data$K], sigma, s.beta, s.gamma, s.epsilon), yhat=mu,
parm=parm)

return(Modelout)

}

4. ARCH-M(1,1)
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4.1. Form

vy, ~ N(u,02), t=1,...,T
Y~ N (71, O
pe=a+dy,_ +60;r 4, t=1,....(T+1)
€& =Yy —
a ~ N(0,1000)
¢ ~ N(0,1000)
§ ~ N(0,1000)
020 = 01 + 0265
o =01 + Oael_,
_ 1
T oxp(—6r)’
O ~ N(0,1000) € [~10,10, k=1,...,2

0y, k=1,....2

4.2. Data

y <- ¢(0.02, -0.51, -0.30, 1.46, -1.26, -2.15, -0.91, -0.53, -1.91,
2.64, 1.64, 0.15, 1.46, 1.61, 1.96, -2.67, -0.19, -3.28,
1.89, 0.91, -0.71, 0.74, -0.10, 3.20, -0.80, -5.25, 1.03,
-0.40, -1.62, -0.80, 0.77, 0.17, -1.39, -1.28, 0.48, -1.02,
0.09, -1.09, 0.86, 0.36, 1.51, -0.02, 0.47, 0.62, -1.36,
1.12, 0.42, -4.39, -0.87, 0.05, -5.41, -7.38, -1.01, -1.70,
0.64, 1.16, 0.87, 0.28, -1.69, -0.29, 0.13, -0.65, 0.83,
0.62, 0.05, -0.14, 0.01, -0.36, -0.32, -0.80, -0.06, 0.24,
0.23, -0.37, 0.00, -0.33, 0.21, -0.10, -0.10, -0.01, -0.40,
-0.35, 0.48, -0.28, 0.08, 0.28, 0.23, 0.27, -0.35, -0.19,
0.24, 0.17, -0.02, -0.23, 0.03, 0.02, -0.17, 0.04, -0.39,
-0.12, 0.16, 0.17, 0.00, 0.18, 0.06, -0.36, 0.22, 0.14,
-0.17, 0.10, -0.01, 0.00, -0.18, -0.02, 0.07, -0.06, 0.06,
-0.05, -0.08, -0.07, 0.01, -0.06, 0.01, 0.01, -0.02, 0.01,
0.01, 0.12, -0.03, 0.08, -0.10, 0.01, -0.03, -0.08, 0.04,
-0.09, -0.08, 0.01, -0.05, 0.08, -0.14, 0.06, -0.11, 0.09,
0.06, -0.12, -0.01, -0.05, -0.15, -0.05, -0.03, 0.04, 0.00,
-0.12, 0.04, -0.06, -0.05, -0.07, -0.05, -0.14, -0.05, -0.01,
-0.12, 0.05, 0.06, -0.10, 0.00, 0.01, 0.00, -0.08, 0.00,
0.00, 0.07, -0.01, 0.00, 0.09, 0.33, 0.13, 0.42, 0.24,
-0.36, 0.22, -0.09, -0.19, -0.10, -0.08, -0.07, 0.05, 0.07,
0.07, 0.00, -0.04, -0.05, 0.03, 0.08, 0.26, 0.10, 0.08,
0.09, -0.07, -0.33, 0.17, -0.03, 0.07, -0.04, -0.06, -0.06,
0.07, -0.03, 0.00, 0.08, 0.27, 0.11, 0.11, 0.06, -0.11,
-0.09, -0.21, 0.24, -0.12, 0.11, -0.02, -0.03, 0.02, -0.10,
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0.00, -0.04, 0.01, 0.02, -0.03, -0.10, -0.09, 0.17, 0.07,
-0.05, -0.01, -0.05, 0.01, 0.00, -0.08, -0.05, -0.08, 0.07,
0.06, -0.14, 0.02, 0.01, 0.04, 0.00, -0.13, -0.17)
T <- length(y)
mon.names <- c("LP", "ynew", "sigma2.new")
parm.names <- c("alpha","phi","delta","logit.theta[1]","logit.theta[2]")
MyData <- 1ist(T=T, mon.names=mon.names, parm.names=parm.names, y=y)

4.3. Initial Values

Initial.Values <- c(rep(0,3), rep(0.5,2))

4.4. Model

Model <- function(parm, Data)

{

#i## Parameters

alpha <- parm[1]; phi <- parm[2]; delta <- parm[3]

theta <- invlogit(interval(parm[grep("logit.theta",
Data$parm.names)], -10, 10))

parm[grep("logit.theta", Data$parm.names)] <- logit(theta)

### Log(Prior Densities)

alpha.prior <- dnorm(alpha, O, sqrt(1000), log=TRUE)

phi.prior <- dnorm(phi, 0, sqrt(1000), log=TRUE)

delta.prior <- dnorm(delta, 0, sqrt(1000), log=TRUE)

theta.prior <- sum(dnorm(theta, 0, sqrt(1000), log=TRUE))

### Log-Likelihood

mu <- c(alpha, alpha + phi*Data$y[-Data$T])

epsilon <- Data$y - mu

sigma2 <- c(theta[l], thetal[l] + theta[2]*epsilon[-Data$T]"2)

mu <- mu + deltaxsigma2

ynew <- alpha + phi*Data$y[Data$T] + deltaxsigma2[Data$T]

sigma2.new <- theta[l] + theta[2]*epsilon[Data$T] 2

LL <- sum(dnorm(Data$y, mu, sqrt(sigma2), log=TRUE))

### Log-Posterior

LP <- LL + alpha.prior + phi.prior + delta.prior + theta.prior +

Modelout <- list(LP=LP, Dev=-2+LL, Monitor=c(LP, ynew, sigma2.new),
yhat=mu, parm=parm)

return(Modelout)

3

5. Autoregression, AR(1)
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5.1. Form

ytNN(Mt7O—2)7 t=1,...,T

n

vy = a+ pry
pe=a+dy, 1, t=1,....(T+1)
a ~ N(0,1000)
¢ ~ N(0,1000)
o~ HC(25)

5.2. Data

y <- c(0.02, -0.51, -0.30, 1.46, -1.26, -2.15, -0.91, -0.53, -1.91,
2.64, 1.64, 0.15, 1.46, 1.61, 1.96, -2.67, -0.19, -3.28,
1.89, 0.91, -0.71, 0.74, -0.10, 3.20, -0.80, -5.25, 1.03,
-0.40, -1.62, -0.80, 0.77, 0.17, -1.39, -1.28, 0.48, -1.02,
0.09, -1.09, 0.86, 0.36, 1.51, -0.02, 0.47, 0.62, -1.36,
1.12, 0.42, -4.39, -0.87, 0.05, -5.41, -7.38, -1.01, -1.70,
0.64, 1.16, 0.87, 0.28, -1.69, -0.29, 0.13, -0.65, 0.83,
0.62, 0.05, -0.14, 0.01, -0.36, -0.32, -0.80, -0.06, 0.24,
0.23, -0.37, 0.00, -0.33, 0.21, -0.10, -0.10, -0.01, -0.40,
-0.35, 0.48, -0.28, 0.08, 0.28, 0.23, 0.27, -0.35, -0.19,
0.24, 0.17, -0.02, -0.23, 0.03, 0.02, -0.17, 0.04, -0.39,
-0.12, 0.16, 0.17, 0.00, 0.18, 0.06, -0.36, 0.22, 0.14,
-0.17, 0.10, -0.01, 0.00, -0.18, -0.02, 0.07, -0.06, 0.06,
-0.05, -0.08, -0.07, 0.01, -0.06, 0.01, 0.01, -0.02, 0.01,
0.01, 0.12, -0.03, 0.08, -0.10, 0.01, -0.03, -0.08, 0.04,
-0.09, -0.08, 0.01, -0.05, 0.08, -0.14, 0.06, -0.11, 0.09,
0.06, -0.12, -0.01, -0.05, -0.15, -0.05, -0.03, 0.04, 0.00,
-0.12, 0.04, -0.06, -0.05, -0.07, -0.05, -0.14, -0.05, -0.01,
-0.12, 0.05, 0.06, -0.10, 0.00, 0.01, 0.00, -0.08, 0.00,
0.00, 0.07, -0.01, 0.00, 0.09, 0.33, 0.13, 0.42, 0.24,
-0.36, 0.22, -0.09, -0.19, -0.10, -0.08, -0.07, 0.05, 0.07,
0.07, 0.00, -0.04, -0.05, 0.03, 0.08, 0.26, 0.10, 0.08,
0.09, -0.07, -0.33, 0.17, -0.03, 0.07, -0.04, -0.06, -0.06,
0.07, -0.03, 0.00, 0.08, 0.27, 0.11, 0.11, 0.06, -0.11,
-0.09, -0.21, 0.24, -0.12, 0.11, -0.02, -0.03, 0.02, -0.10,
0.00, -0.04, 0.01, 0.02, -0.03, -0.10, -0.09, 0.17, 0.07,
-0.05, -0.01, -0.05, 0.01, 0.00, -0.08, -0.05, -0.08, 0.07,
0.06, -0.14, 0.02, 0.01, 0.04, 0.00, -0.13, -0.17)

T <- length(y)

mon.names <- c("LP", "sigma", "ynew")

parm.names <- c("alpha","phi","log.sigma")

MyData <- 1ist(T=T, mon.names=mon.names, parm.names=parm.names, y=y)

11
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5.3. Initial Values

Initial.Values <- c(rep(0,2), log(1))

5.4. Model

Model <- function(parm, Data)

{

### Parameters

alpha <- parm[1]; phi <- parm[2]; sigma <- exp(parm[3])

### Log(Prior Densities)

alpha.prior <- dnorm(alpha, O, sqrt(1000), log=TRUE)
phi.prior <- dnorm(phi, O, sqrt(1000), log=TRUE)
sigma.prior <- dhalfcauchy(sigma, 25, log=TRUE)

### Log-Likelihood

mu <- c(alpha, alpha + phi*Data$y[-Data$T])

ynew <- alpha + phi*Data$y[Data$T]

LL <- sum(dnorm(Data$y, mu, sigma, log=TRUE))

### Log-Posterior

LP <- LL + alpha.prior + phi.prior + sigma.prior

Modelout <- list(LP=LP, Dev=-2*LL, Monitor=c(LP,sigma,ynew),

yhat=mu, parm=parm)
return(Modelout)

}

6. Autoregressive Conditional Heteroskedasticity, ARCH(1,1)

6.1. Form

yi~N(pe,op), t=1,...,T
Y~ N (17415 One)
w=a+oy,_;, t=1,...,(T+1)
€& =Yt — Mt

a ~ N(0,1000)
¢ ~ N(0,1000)
02, = 01 + 26>
07 =01 + Oae;_,

61 ~ N(0,1000) € [0, oc]

0 ~ U(1.0E — 100, 1)
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6.2. Data

y <- ¢(0.02, -0.51, -0.30, 1.46, -1.26, -2.15, -0.91, -0.53, -1.91,
2.64, 1.64, 0.15, 1.46, 1.61, 1.96, -2.67, -0.19, -3.28,
1.89, 0.91, -0.71, 0.74, -0.10, 3.20, -0.80, -5.25, 1.03,
-0.40, -1.62, -0.80, 0.77, 0.17, -1.39, -1.28, 0.48, -1.02,
0.09, -1.09, 0.86, 0.36, 1.51, -0.02, 0.47, 0.62, -1.36,
1.12, 0.42, -4.39, -0.87, 0.05, -5.41, -7.38, -1.01, -1.70,
0.64, 1.16, 0.87, 0.28, -1.69, -0.29, 0.13, -0.65, 0.83,
0.62, 0.05, -0.14, 0.01, -0.36, -0.32, -0.80, -0.06, 0.24,
0.23, -0.37, 0.00, -0.33, 0.21, -0.10, -0.10, -0.01, -0.40,
-0.35, 0.48, -0.28, 0.08, 0.28, 0.23, 0.27, -0.35, -0.19,
0.24, 0.17, -0.02, -0.23, 0.03, 0.02, -0.17, 0.04, -0.39,
-0.12, 0.16, 0.17, 0.00, 0.18, 0.06, -0.36, 0.22, 0.14,
-0.17, 0.10, -0.01, 0.00, -0.18, -0.02, 0.07, -0.06, 0.06,
-0.05, -0.08, -0.07, 0.01, -0.06, 0.01, 0.01, -0.02, 0.01,
0.01, 0.12, -0.03, 0.08, -0.10, 0.01, -0.03, -0.08, 0.04,
-0.09, -0.08, 0.01, -0.05, 0.08, -0.14, 0.06, -0.11, 0.09,
0.06, -0.12, -0.01, -0.05, -0.15, -0.05, -0.03, 0.04, 0.00,
-0.12, 0.04, -0.06, -0.05, -0.07, -0.05, -0.14, -0.05, -0.01,
-0.12, 0.05, 0.06, -0.10, 0.00, 0.01, 0.00, -0.08, 0.00,
0.00, 0.07, -0.01, 0.00, 0.09, 0.33, 0.13, 0.42, 0.24,
-0.36, 0.22, -0.09, -0.19, -0.10, -0.08, -0.07, 0.05, 0.07,
0.07, 0.00, -0.04, -0.05, 0.03, 0.08, 0.26, 0.10, 0.08,
0.09, -0.07, -0.33, 0.17, -0.03, 0.07, -0.04, -0.06, -0.06,
0.07, -0.03, 0.00, 0.08, 0.27, 0.11, 0.11, 0.06, -0.11,
-0.09, -0.21, 0.24, -0.12, 0.11, -0.02, -0.03, 0.02, -0.10,
0.00, -0.04, 0.01, 0.02, -0.03, -0.10, -0.09, 0.17, 0.07,
-0.05, -0.01, -0.05, 0.01, 0.00, -0.08, -0.05, -0.08, 0.07,
0.06, -0.14, 0.02, 0.01, 0.04, 0.00, -0.13, -0.17)

T <- length(y)

mon.names <- c("LP", "ynew", "sigma2.new")

parm.names <- c("alpha","phi","logit.thetal[1]","logit.thetal[2]")

MyData <- 1ist(T=T, mon.names=mon.names, parm.names=parm.names, y=y)

6.3. Initial Values

Initial.Values <- c(rep(0,2), rep(0.5,2))

6.4. Model

Model <- function(parm, Data)
{
### Parameters
alpha <- parm[1]; phi <- parm[2]
theta <- invlogit(interval(parm[grep("logit.theta",
Data$parm.names)], -10, 10))

13
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parm[grep("logit.theta", Data$parm.names)] <- logit(theta)

### Log(Prior Densities)

alpha.prior <- dnorm(alpha, 0, sqrt(1000), log=TRUE)

phi.prior <- dnorm(phi, 0, sqrt(1000), log=TRUE)

theta.prior <- sum(dnorm(theta, 0, sqrt(1000), log=TRUE))

### Log-Likelihood

mu <- c(alpha, alpha + phi*Data$y[-Data$T])

ynew <- alpha + phi*Data$y[Data$T]

epsilon <- Data$y - mu

sigma2 <- c(theta[l], thetal[l] + theta[2]*epsilon[-Data$T]"2)

sigma2.new <- theta[l] + theta[2]*epsilon[Data$T] "2

LL <- sum(dnorm(Data$y, mu, sqrt(sigma2), log=TRUE))

### Log-Posterior

LP <- LL + alpha.prior + phi.prior + theta.prior

Modelout <- 1list(LP=LP, Dev=-2*LL, Monitor=c(LP, ynew,
sigma2.new), yhat=mu, parm=parm)

return(Modelout)

3

7. Autoregressive Moving Average, ARMA(1,1)

7.1. Form

v, ~N(u,0%), t=1,...,T
vy = a+ ¢y + Oer
=+ dyp_q + ber1

€ =Y — Ut
a ~ N(0,1000)
¢ ~ N(0,1000)

o ~ HC(25)
6 ~ N(0, 1000)

7.2. Data

7.3. Data

y <- ¢(0.02, -0.51, -0.30, 1.46, -1.26, -2.15, -0.91, -0.53, -1.91,
2.64, 1.64, 0.15, 1.46, 1.61, 1.96, -2.67, -0.19, -3.28,
1.89, 0.91, -0.71, 0.74, -0.10, 3.20, -0.80, -5.25, 1.03,
-0.40, -1.62, -0.80, 0.77, 0.17, -1.39, -1.28, 0.48, -1.02,



Byron Hall

0.09, -1.09, 0.86, 0.36, 1.51, -0.02, 0.47, 0.62, -1.36,
1.12, 0.42, -4.39, -0.87, 0.05, -5.41, -7.38, -1.01, -1.70,
0.64, 1.16, 0.87, 0.28, -1.69, -0.29, 0.13, -0.65, 0.83,
0.62, 0.05, -0.14, 0.01, -0.36, -0.32, -0.80, -0.06, 0.24,
0.23, -0.37, 0.00, -0.33, 0.21, -0.10, -0.10, -0.01, -0.40,
-0.35, 0.48, -0.28, 0.08, 0.28, 0.23, 0.27, -0.35, -0.19,
0.24, 0.17, -0.02, -0.23, 0.03, 0.02, -0.17, 0.04, -0.39,
-0.12, 0.16, 0.17, 0.00, 0.18, 0.06, -0.36, 0.22, 0.14,
-0.17, 0.10, -0.01, 0.00, -0.18, -0.02, 0.07, -0.06, 0.06,
-0.05, -0.08, -0.07, 0.01, -0.06, 0.01, 0.01, -0.02, 0.01,
0.01, 0.12, -0.03, 0.08, -0.10, 0.01, -0.03, -0.08, 0.04,
-0.09, -0.08, 0.01, -0.05, 0.08, -0.14, 0.06, -0.11, 0.09,
0.06, -0.12, -0.01, -0.05, -0.15, -0.05, -0.03, 0.04, 0.00,
-0.12, 0.04, -0.06, -0.05, -0.07, -0.05, -0.14, -0.05, -0.01,
-0.12, 0.05, 0.06, -0.10, 0.00, 0.01, 0.00, -0.08, 0.00,
0.00, 0.07, -0.01, 0.00, 0.09, 0.33, 0.13, 0.42, 0.24,
-0.36, 0.22, -0.09, -0.19, -0.10, -0.08, -0.07, 0.05, 0.07,
0.07, 0.00, -0.04, -0.05, 0.03, 0.08, 0.26, 0.10, 0.08,
0.09, -0.07, -0.33, 0.17, -0.03, 0.07, -0.04, -0.06, -0.06,
0.07, -0.03, 0.00, 0.08, 0.27, 0.11, 0.11, 0.06, -0.11,
-0.09, -0.21, 0.24, -0.12, 0.11, -0.02, -0.03, 0.02, -0.10,
0.00, -0.04, 0.01, 0.02, -0.03, -0.10, -0.09, 0.17, 0.07,
-0.05, -0.01, -0.05, 0.01, 0.00, -0.08, -0.05, -0.08, 0.07,
0.06, -0.14, 0.02, 0.01, 0.04, 0.00, -0.13, -0.17)

T <- length(y)

mon.names <- c("LP", "sigma", "ynew")

parm.names <- c("alpha","phi","sigma","theta")

MyData <- 1ist(T=T, mon.names=mon.names, parm.names=parm.names, y=y)

7.4. Initial Values

Initial.Values <- c(rep(0,2), 0, log(1))

7.5. Model

Model <- function(parm, Data)
{
### Parameters
alpha <- parm[1]; phi <- parm[2]; theta <- parm[3]
sigma <- exp(parm[4])
### Log(Prior Densities)
alpha.prior <- dnorm(alpha, 0, sqrt(1000), log=TRUE)
phi.prior <- dnorm(phi, O, sqrt(1000), log=TRUE)
sigma.prior <- dhalfcauchy(sigma, 25, log=TRUE)
theta.prior <- dnorm(theta, 0, sqrt(1000), log=TRUE)
### Log-Likelihood

15
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mu <- c(alpha, alpha + phi*Data$y[-Data$T])

epsilon <- Data$y - mu

mu <- c(mu[1], mu[-1] + theta * epsilon[-Data$T])

ynew <- alpha + phi*Data$y[Data$T] + thetaxepsilon[Data$T]

LL <- sum(dnorm(Data$y, mu, sigma, log=TRUE))

### Log-Posterior

LP <- LL + alpha.prior + phi.prior + sigma.prior + theta.prior

Modelout <- 1ist(LP=LP, Dev=-2*LL, Monitor=c(LP, sigma, ynew),
yhat=mu, parm=parm)

return(Modelout)

3

8. Beta Regression
8.1. Form

y ~ BET A(a,b)
a = fip
b=(1—-po
p=®(B1 + B2x)
Bj ~N(0,10), j=1,...,J
¢~6G(1,1)
where ® is the normal CDF.

8.2. Data

N <- 10

X <= runif(N)

y <- gbeta(0.5, pnorm(2-3*x)*4, (1-pnorm(2-3*x))*4)

mon.names <- "LP"

parm.names <- c("betal[1]","betal[2]","log.phi")

MyData <- list(x=x, y=y, mon.names=mon.names, parm.names=parm.names)

8.3. Initial Values

Initial.Values <- c(rep(0,2), log(0.01))

8.4. Model

Model <- function(parm, Data)

{
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### Parameters

beta <- parm[1:2]; phi <- exp(parm[3])

### Log(Prior Densities)

beta.prior <- sum(dnorm(beta, 0, sqrt(10), log=TRUE))
phi.prior <- dgamma(phi, 1, 1, log=TRUE)

### Log-Likelihood

mu <- pnorm(beta[l] + beta[2]*Data$x)

a <- mu * phi

b <= (1-mu) * phi

LL <- sum(dbeta(Data$y, a, b, log=TRUE))

### Log-Posterior

LP <- LL + beta.prior + phi.prior

Modelout <- 1list(LP=LP, Dev=-2*LL, Monitor=LP, yhat=mu, parm=parm)

return(Modelout)
}
9. Binary Logit
9.1. Form
y ~ BERN (n)
- 1
T T exp(—p)
p=Xp
Bj ~ N(0,1000), j=1,....J
9.2. Data
data(demonsnacks)
N <- NROW(demonsnacks)
J <- 3

y <- ifelse(demonsnacks$Calories <= 137, 0, 1)

X <- cbind(1, as.matrix(demonsnacks[,c(7,8)]1))

for (j in 2:J) {X[,j] <- CenterScale(X[,j1)}

mon.names <- "LP"

parm.names <- parm.names(list(beta=rep(0,J)))

MyData <- 1list(J=J, X=X, mon.names=mon.names, parih.names=parm.names, y=y)

9.3. Initial Values

Initial.Values <- rep(0,J)

17



18 Examples

9.4. Model

Model <- function(parm, Data)
{
### Parameters
beta <- parm[1:Data$J]
### Log(Prior Densities)
beta.prior <- sum(dnorm(beta, 0, sqrt(1000), log=TRUE))
mu <- tcrossprod(beta, Data$X)
eta <- invlogit (mu)
### Log-Likelihood
LL <- sum(dbern(Data$y, eta, log=TRUE))
yrep <- ifelse(eta >= (sum(Data$y)/length(Data$y)),1,0)
### Log-Posterior
LP <- LL + beta.prior
Modelout <- 1list(LP=LP, Dev=-2*LL, Monitor=LP,
yhat=yrep, parm=parm)

return(Modelout)
}
10. Binary Probit
10.1. Form
y ~ BERN (p)
P = &(u)

w=Xpg e [-10,10]
B ~N(0,1000), j=1,...,J
where ¢ is the inverse CDF, and J=3.

10.2. Data

data(demonsnacks)

N <- NROW(demonsnacks)

J <-3

y <- ifelse(demonsnacks$Calories <= 137, 0, 1)

X <- cbind(1, as.matrix(demonsnacks[,c(7,8)1))

for (j in 2:J) {X[,j] <- CenterScale(X[,j1)}

mon.names <- "LP"

parm.names <- parm.names(list(beta=rep(0,J)))

MyData <- 1ist(J=J, X=X, mon.names=mon.names, parm.names=parm.names, y=y)
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10.3. Initial Values

Initial.Values <- rep(0,J)

10.4. Model

Model <- function(parm, Data)
{
### Parameters
beta <- parm[1:Data$J]
### Log(Prior Densities)
beta.prior <- sum(dnorm(beta, 0, sqrt(1000), log=TRUE))
### Log-Likelihood
mu <- tcrossprod(beta, Data$X)
mu <- interval (mu, -10, 10)
p <- pnorm(mu)
LL <- sum(dbern(Data$y, p, log=TRUE))
yrep <- ifelse(p >= (sum(Data$y)/length(Data$y)),1,0)
### Log-Posterior
LP <- LL + beta.prior
Modelout <- list(LP=LP, Dev=-2%*LL, Monitor=LP, yhat=yrep, parm=parm)

return(Modelout)
}
11. Binomial Logit
11.1. Form
y ~ BIN(p,n)
_ 1
P T ep(—p)
p= B+ Pax
B; ~ N(0,1000), j=1,...,J
11.2. Data
#10 Trials

exposed <- ¢(100,100,100,100,100,100,100,100,100,100)
deaths <- ¢(10,20,30,40,50,60,70,80,90,100)

dose <- ¢(1,2,3,4,5,6,7,8,9,10)

J <- 2 #Number of parameters

mon.names <- "LP"

parm.names <- c("betal[l]","betal[2]")

19
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MyData <- 1ist(J=J, n=exposed, mon.names=mon.names, parm.names=parm.names,
x=dose, y=deaths)

11.3. Initial Values

Initial.Values <- rep(0,J)

11.4. Model

Model <- function(parm, Data)
{
### Parameters
beta <- parm[1:Data$]]
### Log(Prior Densities)
beta.prior <- sum(dnorm(beta, 0, sqrt(1000), log=TRUE))
### Log-Likelihood
mu <- beta[l] + beta[2]*Data$x
p <- invlogit (mu)
LL <- sum(dbinom(Data$y, Data$n, p, log=TRUE))
yrep <- p * Data$n
### Log-Posterior
LP <- LL + beta.prior
Modelout <- 1ist(LP=LP, Dev=-2*LL, Monitor=LP, yhat=yrep, parm=parm)

return(Modelout)
}
12. Binomial Probit
12.1. Form
y ~ BIN(p,n)
p = ¢(u)

w = P1+ Pox € [—10, 10]
Bj ~N(0,1000), j=1,...,J
where ¢ is the inverse CDF, and J=2.

12.2. Data

#10 Trials

exposed <- ¢(100,100,100,100,100,100,100,100,100,100)
deaths <- ¢(10,20,30,40,50,60,70,80,90,100)

dose <- ¢(1,2,3,4,5,6,7,8,9,10)

J <- 2 #Number of parameters
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mon.names <- "LP"

parm.names <- c("beta[1]","betal[2]")

MyData <- 1ist(J=J, n=exposed, mon.names=mon.names, parm.names=parm.names,
x=dose, y=deaths)

12.3. Initial Values

Initial.Values <- rep(0,J)

12.4. Model

Model <- function(parm, Data)
{
### Parameters
beta <- parm[1:Data$J]
### Log(Prior Densities)
beta.prior <- sum(dnorm(beta, 0, sqrt(1000), log=TRUE))
### Log-Likelihood
mu <- betal[l] + beta[2]*Data$x
mu <- interval(mu, -10, 10)
p <- pnorm(mu)
LL <- sum(dbinom(Data$y, Data$n, p, log=TRUE))
yrep <- p * Data$n
### Log-Posterior
LP <- LL + beta.prior
Modelout <- list(LP=LP, Dev=-2xLL, Monitor=LP, yhat=yrep,
parm=parm)
return(Modelout)

3

13. Cluster Analysis

This is a parametric model-based cluster analysis, also called a finite mixture model or latent
class cluster analysis.

13.1. Form

Yi,jNN(MW,o—gm), i=1,...,N, j=1,...,J
;i = MaX(Pi,l:O)

p,. = 5i,c
170 ZCC:]. 5i,C
T1:.C ~~ D(al:C)
N
AP

>0
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oa.=1

dic =1

5chv.Afﬂog(é;),1000)<E[exp(—l(D,exp(lOﬂ, c=1,...,(C—1)

Hej ™~ N(0, VJ2)
o ~ HC(25)
vj ~ HC(25)

13.2. Data

C <- 3 #Number of clusters

alpha <- rep(1,C) #Prior probability of cluster proportion

# Create a Y matrix

n <- 100; N <- 15 #Full sample; model sample

J <- 5 #Number of predictor variables

cluster <- round(runif(n,0.5,C+0.49))

centers <- matrix(runif(CxJ, 0, 10), C, J)

Y.Full <- matrix(0, n, J)

for (i in 1:n) {for (j in 1:J)
{Y.Full[i,j] <- rnorm(l,centers[cluster[i],jl,1)}}

mean.temp <- colMeans(Y.Full)

sigma.temp <- apply(Y.Full,2,sd)

centers.cs <- (centers - matrix(rep(mean.temp,C), C, J, byrow=TRUE)) /
(2 * matrix(rep(sigma.temp,C), C, J, byrow=TRUE))

for (j in 1:J) {Y.Fulll[,j] <- scale(Y.Full[,j],2)}

#summary (Y.Full)

MySample <- sample(l:n, N)

Y <- Y.Full[MySample,]

mon.names <- c("LP", parm.names(list(nu=rep(0,J), pi=rep(0,C),
sigma=rep(0,C), theta=rep(0,N))))

parm.names <- parm.names(list(log.delta=matrix(0,N,C-1), mu=matrix(0,C,J),
log.nu=rep(0,J), log.sigma=rep(0,C)))

MyData <- 1ist(C=C, J=J, N=N, Y=Y, alpha=alpha, mon.names=mon.names,
parm.names=parm.names)

13.3. Initial Values

Initial.Values <- c(runif (N*(C-1),-1,1), rep(0,CxJ), rep(0,J), rep(0,C))

13.4. Model

Model <- function(parm, Data)

{

### Parameters
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delta <- interval(parm[grep("log.delta", Data$parm.names)], -10, 10)

parm[grep("log.delta", Data$parm.names)] <- delta

delta <- matrix(c(exp(delta), rep(l, Data$N)), Data$N, Data$C)

mu <- matrix(parm[grep("mu", Data$parm.names)], Data$C, Data$J)

nu <- exp(parm[grep("log.nu",Data$parm.names)])

pi <- colSums(delta) / sum(delta)

sigma <- exp(parm[grep("log.sigma", Data$parm.names)])

### Log(Prior Densities)

delta.prior <- sum(dtrunc(delta, "norm", a=exp(-10), b=exp(10),
mean=log(1/Data$C), sd=sqrt(1000), log=TRUE))

mu.prior <- sum(dnorm(mu, 0, matrix(rep(nu,Data$C), Data$C,
Data$J, byrow=TRUE), log=TRUE))

nu.prior <- sum(dhalfcauchy(nu, 25, log=TRUE))

pi.prior <- ddirichlet(pi, Data$alpha, log=TRUE)

sigma.prior <- sum(dhalfcauchy(sigma, 25, log=TRUE))

### Log-Likelihood

p <- delta / rowSums(delta)

theta <- apply(p,1,which.max)

LL <- sum(dnorm(Data$Y, mu[theta,], sigmaltheta], log=TRUE))

Yrep <- multheta,]

### Log-Posterior

LP <- LL + delta.prior + mu.prior + nu.prior + pi.prior +
sigma.prior

Modelout <- list(LP=LP, Dev=-2+LL, Monitor=c(LP,nu,pi,sigma,theta),
yhat=Yrep, parm=parm)

return(Modelout)

}

14. Conditional Autoregression (CAR), Poisson

This CAR example is a slightly modified form of example 7.3 (Model A) in Congdon (2003).
The Scottish lip cancer data also appears in the WinBUGS (Spiegelhalter, Thomas, Best, and
Lunn 2003) examples and is a widely analyzed example. The data y consists of counts for
1=1,...,56 counties in Scotland. A single predictor x is provided. The errors, €, are allowed
to include spatial effects as smoothing by spatial effects from areal neighbors. Interactions w
between counties are in terms of dummy indicators for contiguity (areal neighbors). The list
of NN areal neighbors is in the adj variable, and cumulative positions are in variable C. The
vector €, is the mean of each area’s error, and is a weighted average of errors in contiguous
areas.

14.1. Form

y ~PQ)
A = exp(log(E) + p1 + fox +€)
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e ~ N(ey,0?)

J
€uli] = pZWi’jej, i=1,...,N
7j=1

Bj ~ N(0,1000), j=1,...,J
p~U(-1,1)
o ~ HC(25)

14.2. Data

N <- 56 #Number of areas
NN <- 264 #Number of adjacent areas
y <- ¢(9,39,11,9,15,8,26,7,6,20,13,5,3,8,17,9,2,7,9,7,16,31,11,7,19,15,7,
10,16,11,5,3,7,8,11,9,11,8,6,4,10,8,2,6,19,3,2,3,28,6,1,1,1,1,0,0)
E <-¢(1.4,8.7,3.0,2.5,4.3,2.4,8.1,2.3,2.0,6.6,4.4,1.8,1.1,3.3,7.8,4.6,
1.1,4.2,5.5,4.4,10.5,22.7,8.8,5.6,15.5,12.5,6.0,9.0,14.4,10.2,4.8,
2.9,7.0,8.5,12.3,10.1,12.7,9.4,7.2,5.3,18.8,15.8,4.3,14.6,50.7,8.2,
5.6,9.3,88.7,19.6,3.4,3.6,5.7,7.0,4.2,1.8) #Expected
x <- c(16,16,10,24,10,24,10,7,7,16,7,16,10,24,7,16,10,7,7,10,7,16,10,7,1,1,
7,7,10,10,7,24,10,7,7,0,10,1,16,0,1,16,16,0,1,7,1,1,0,1,1,0,1,1,16,10)
adj <- ¢(5,9,11,19, #Area 1 is adjacent to areas 5, 9, 11, and 19
7,10, #Area 2 is adjacent to areas 7 and 10
6,12,
18,20,28,
1,11,12,13,19,
3,8,
2,10,13,16,17,
6,
1,11,17,19,23,29,
2,7,16,22,
1,5,9,12,
3,5,11,
5,7,17,19,
31,32,35,
25,29,50,
7,10,17,21,22,29,
7,9,13,16,19,29,
4,20,28,33,55,56,
1,5,9,13,17,
4,18,55,
16,29,50,
10,16,
9,29,34,36,37,39,
27,30,31,44,47,48,55,56,
15,26,29,
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25,29,42,43,
24,31,32,55,

4,18,33,45,
9,15,16,17,21,23,25,26,34,43,50,
24,38,42,44,45,56,
14,24,27,32,35,46,47,
14,27,31,35,

18,28,45,56,
23,29,39,40,42,43,51,52,54,
14,31,32,37,46,
23,37,39,41,
23,35,36,41,46,
30,42,44,49,51,54,
23,34,36,40,41,
34,39,41,49,52,
36,37,39,40,46,49,53,
26,30,34,38,43,51,
26,29,34,42,
24,30,38,48,49,
28,30,33,56,
31,35,37,41,47,53,
24,31,46,48,49,53,
24,44 ,47 49,
38,40,41,44,47,48,52,53,54,
15,21,29,

34,38,42,54,

34,40,49,54,

41,46,47,49,
34,38,49,51,52,
18,20,24,27,56,
18,24,30,33,45,55)

# C has length N+1 and refers to cumulative position (-1) in the adj

# variable. For example, area 1 begins at O (position 1-1), and

# area 2 begins at 4 (position 5-1), etc.

C <- c(0,4,6,8,11,16,18,23,24,30,34,38,41,45,48,51,57,63,69,74,77,80,82,
88,96,99,103,107,111,122,128,135,139,143,152,157,161,166,172,177,182,
189,195,199,204,208,214,220,224,233,236,240,244,248,253,258,264)

mon.names <- c("LP","sigma")

parm.names <- parm.names(list(beta=rep(0,2), epsilon=rep(0,N), rho=0,
log.sigma=0))

MyData <- 1ist(C=C, E=E, N=N, NN=NN, adj=adj, mon.names=mon.names,
parm.names=parm.names, X=X, y=y)

14.3. Initial Values

Initial.Values <- c(rep(0,2), rep(0,N), 0, 0)
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14.4. Model

Model <- function(parm, Data)

{

### Parameters

beta <- parm[1:2]

epsilon <- parm[grep("epsilon", Data$parm.names)]

rho <- interval(parm[grep("rho", Data$parm.names)], -1, 1)

parm[grep("rho", Data$parm.names)] <- rho

w <- epsilon[Data$adj]

epsilon.mu <- epsilon

for (i in 1:N) {
epsilon.mul[i] <- rho * sum(w[(Data$C[i]+1): (Data$Cl[i+1]1)]1)}

sigma <- exp(parm[grep("log.sigma", Data$parm.names)])

### Log(Prior Densities)

beta.prior <- sum(dnorm(beta, 0, sqrt(1000), log=TRUE))

epsilon.prior <- sum(dnorm(epsilon, epsilon.mu, sigma,
1og=TRUE))

rho.prior <- dunif(rho, -1, 1, log=TRUE)

sigma.prior <- dhalfcauchy(sigma, 25, log=TRUE)

### Log-Likelihood

lambda <- exp(log(Data$E) + betal[l] + beta[2]*Data$x/10 + epsilon)

LL <- sum(dpois(Data$y, lambda, log=TRUE))

### Log-Posterior

LP <- LL + beta.prior + epsilon.prior + rho.prior + sigma.prior

Modelout <- list(LP=LP, Dev=-2x%LL, Monitor=c(LP,sigma), yhat=lambda,
parm=parm)

return(Modelout)

}

15. Contingency Table

The two-way contingency table, matrix Y, can easily be extended to more dimensions. For
this example, it is vectorized as y, and used like an ANOVA data set. Contingency table Y has
J rows and K columns. The cell counts are fit with Poisson regression, according to intercept
a, main effects 3; for each row, main effects 7;, for each column, and interaction effects d;
for de