IMMAPAPTHMA Al (4" MAGHMATOY): ITAPAAEITMATA EAETXON
YHOOEXEQN, EINTAOI'HY MONTEAQN KATI METABAHTON

1 HAPAAEII'MA WINBUGS 1: 'Evag AmAog Eleyyog Yao0eong (ESTRIOL
DATASET)

model estriol;

# definition of likelihood function

#
for (i in 1:n) {
birth[i]~dnorm( mu([i], tau ); # random component
mul[i]<-a.star+gamma*b*(estriol[i]-mean(estriol[])); # systematic component
#  &link function
# prior distributions
#

a.star~dnorm( 0, 1.0E-04 ); # normal prior for a
b~dnorm( 0, 1.575); # normal prior for b
gamma-~dbern(0.5);
tau~dgamma( 1.0E-04 , 1.0E-04 ); # gamma prior for precision
s2<-1/tau;
a<-a.star-b*mean(estriol[]);

}
list(a.star=0.0, b=0.0, tau=1.0,gamma=1)

list(n=31)
estriol[] birth[]
7 25
9 25
9 25
12 27
14 27
16 27
16 24
14 30
16 30
16 31
17 30
19 31
21 30
24 28
15 32
16 32
17 32
25 32
27 34
15 34
15 34
15 35
16 35
19 34
18 35
17 36
18 37
20 38
22 40
25 39
24 43
END
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name: a.star type: stochastic density: dnorm
mean 0.0 precision 1.0E-6 lower bound upper bound

\
A
< mui]
estriol[i] v
birthfi]
for(i(IN1:n)
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ITAPAAEII'MA WINBUGS 2: Aweyvooetikd Té€ot kor Zoykpioeig poviéimv
(ESTRIOL DATASET)

model estriol_AIC_BIC;

{
#
#

H*

H* H#

#

definition of likelihood function

pi<-3.14
for (i in 1:n) {
birth[i]~dnorm( mu([i], tau ); # random component
muli]<-a.star+b*(estriol[i]-mean(estriol[])); # systematic component

}

# & link function
birth.pred[i]~dnorm( mu([i], tau )
loglikel[i]<- -0.5*log(2*pi)+0.5*log(tau)-0.5*pow( birth[i]-muli],2 )*tau
loglikel.pred]i]<- -0.5*log(2*pi)+0.5*log(tau)-0.5*pow( birth.pred[i]-mul[i],2 )*tau
likel[il<- exp( loglikel[i] )

model m_0
birthO[i]<-birth[i]
birthO[i]~dnorm( muOli], tau0 ); # random component
muOli]<-a0; # systematic component
#  &link function
birth0.pred[i]~dnorm( mu0li], tau0 )
loglikeO[i]<- -0.5*log(2*pi)+0.5*log(tau0)-0.5*pow( birthO[i]-muO[i],2 )*tau0
loglike0.pred[i]<- -0.5*log(2*pi)+0.5*log(tau0)-0.5*pow( birth0.pred][i]-mu0[i],2 )*tau0
likeO[i]<- exp( loglikeO[i] )

ss1[i] <- pow( birth.pred[i]-birth[i], 2 )
ssO[i] <- pow( birthO.pred][i]-birthQ[i], 2)

prior distributions for model m1

a.star~dnorm( 0, 1.0E-04 ); # normal prior for a

b~dnorm( 0, 1.0E-04 ); # normal prior for b

tau~dgamma( 1.0E-04 , 1.0E-04 ); # gamma prior for precision
s2<-1/tau;

a<-a.star-b*mean(estriol[]);

prior distributions for model mO

a0~dnorm( 0, 1.0E-04 ); # normal prior for a
tau0~dgamma( 1.0E-04 , 1.0E-04 ); # gamma prior for precision

Bayesian versions of LogLikelihood
L1<-sum( loglikel[] )
LO<-sum( loglikeO[] )

Bayesian versions of BIC
BIC1<- -2*L1 + 3*log(n)
BICO<- -2*L0 + 2*log(n)

Bayesian versions of AIC
AIC1<- -2*L1 + 3*2
AICO<- -2*L0 + 2*2

Lm criterion
Lmi<- sum(ssl[])
LmO<- sum( ss0[] )

Mm criterion
Mm1<-exp( sum(loglikel.pred[]) )
MmO<-exp( sum(loglikeO.pred[]) )

Mm1.star<-exp( -sum(loglikel.pred[])/n)
MmaO.star<-exp( -sum(loglike0.pred[])/n )

# parallel differences

DBIC10<- BIC0O-BIC1
DAIC10<- AICO-AIC1
diff[1]<-DAIC10
diff[2]<-DBIC10
diff[3]<- LmO-Lm1
diff[4]<-Mm1-MmO
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diff(5]<-Mm0O.star-Mm1.star
PBF<-Mm1/MmO
PBFn<-MmO.star/Mm1.star

#
# parallel probabilities
for (i in 1:5){
prob[il<-step(diff[i])
}

3 TTAPAAEITI'MA WINBUGS 3: Aweyvootika Téot ko Zuykpicels povréimv

(LINE DATASET)
model{
pi<-3.14
#
# Likelihood
for(iin1:N){
y[i] ~ dnorm(muli],tau)
mul[i] <- alpha + beta * (x[i] - mean(x[]))
#
# residuals
resid[i]<-y[i]-muli]
sresid[i]<-resid[i]*sqrt(tau)
#
# predicted values
y.pred[i]~dnorm(muli],tau)
#
# predicted standardised residuals
sr.pred[i]<-(y[i]-y.pred[i])*sqrt(tau)
#
# p.smaller
p.smaller[il<-step(y[i]-y.pred[i])
#
sresid.pred]i]<-(y.pred[i]-muli])*sqgrt(tau)
sresid3[i]<-pow( sresid[i] , 3)
sresid3.pred[i]<-pow( sresid.pred][i] , 3)
#
# Prior distributions
tau ~ dgamma(0.001,0.001)
sigma <- 1/ sqrt(tau)
alpha ~ dnorm(0.0,1.0E-6)
beta ~ dnorm(0.0,1.0E-6)
#
#
skew.obs<-mean(sresid3[])
skew.pred<-mean(sresid3.pred[])
pval.pred<-step(skew.pred-skew.obs)
}

Data(WITHOUT OUTLIER): list(x =c(1, 2, 3, 4, 5),y=c¢(4, 3, 3, 3,5), N=5)
Data(WITH OUTLIER): list(x = c(1, 2, 3, 4, 5), y= c(1, 10000, 3, 3, 5), N =5)

Inits: list(alpha = 0, beta = 0, tau = 1)
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4 TTAPAAEII'MA WINBUGS 4: ITApeg Movtého Yo To Antitoxin dataset

model {
#
# model likelihood
for (i in 1:4) {
rli]~dbin(p[i].n[i1);
logit(p[i])<-b[1] + x[i,2]* b[2]
+ x[i,3]* b[3]
+ x[i,41* b[4]; }
# priors and pseudopriors

b[1]~dnorm(0.0, 0.0001)

for (i in 2:4) { Db[i]~dnorm( 0.0 , 0.0001) ;

}

DATA

ri1 nll x[,11 x[,21 x[,3]1 x[,4]
5121 -1 -1 1

4261 1 -1-1

15201 -1 1-1
6211 1 11
END

INITS
list( b=c(1,0,0,0))
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S IAPAAEII'MA WINBUGS 5: Gibbs Variable Selection ywa To Antitoxin
dataset

model {
#
# model likelihood
for (i in 1:4) {
rfi]~dbin(p[i],n[i]);
logit(p[il)<-b[1] + Xx[i,2]* g[2]* b[2]
+ x[1,3]* g[3]* b[3]
+ XL[i,41* g[41* b[41: }
# priors and pseudopriors
b[1]~dnorm( 0.0, 0.0001 )
for (i in 2:4) {
tauli]<-g[i1/8+(1-g[i])/(se[il*se[i]);
bpriorm[i]<-mean[i]*(1-g[i]);
b[i]~dnorm(bpriorm[i],tau[i]); }

mdl<-g[2]+2*g[3]+3*g[4];
pmdl[1]<-equals(mdl,0)
pmdl[2]<-equals(mdl,1)
pmdI[3]<-equals(mdl,2)
pmdI[4]<-equals(mdl,3)
pmdl[5]<-equals(mdl,6)

for (iin 1:4) { g[i]~dbern( pi[i] ) }
pi[1]<-1.0
pi[2]<-0.5*(1-g[4])+g[4]
pi[3]<-0.5%(1-g[4])+g[4]
pi[4]

<-0.20
}
DATA
r[1 n1 x[,11 x[.21 x[,31 x[.4]
5121 -1 -1 1
4261 1 -1-1
1520 1 -1 1 -1
6211 1 1 1
END
PROPOSAL/PSEUDOPRIOR VALUES
mean[] se[]
-0.4889 0.2823
-0.8919 0.2798
0.5866 0.2824
-0.1773 0.272
END
INITS

list( g=c(1,1,1,1), b=c(1,0,0,0))
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