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6... AlIAOI EAEMXOIl YNOGEZEQN
6.1. Eicaywyn: Ek-Twv-Yorepwv Aoyo¢
Mmeéavornrwyv rwv MovréAwv

=avayupiloupe oTo Mapadeiypa Tne EoTpioAng

Green & Touchston (1963, Am.Jour. Of Obsterics]
& Gynecology)
MeAETN oXEONC

Y : Bapog yevvnong (birthweight) evog naidiov

X : Eningdo eaTpIOANnG (estriol) Twv eykKUWV yuvaikwv
Y; ~ Normal(y;, 02)
Hi=n=a+BX;
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6... AlIAOI EAEMXOIl YNOGEZEQN
6.1. Eicaywyn: Ek-Twv-Yorepwv Aoyo¢
rMmeéavorntwy rwv MovréAwv

=avayupiloupe oTo Mapadeiypa Tne EoTpioAng

Mag evOIlaPEPEl va EAEYEOUUE TNV UNOBEDN
Ho: B=0vs. H, B =0
To onoio €ival 1I000UvVapo e T GUYKPION TWV
HOVTEAWV
m,: Y~N(a, 0?)
m,: Y~N(a+pX, 02)

6... AlIAOI EAEMXOIl YNOGEZEQN
6.1. Eicaywyn: Ek-Twv-Yorepwv Aoyo¢
rMmeéavorntwy rwv MovréAwyv

Ek-Twv-YoTEpwv Aoyog MibavotnTwyv (Posterior
Model Odds) Tou pJovTeAou m, EvavTi TOU
HOVTEAOU M;:

po L0 1Y) _ fImy)  fm)

T fmly)  fGylm)  f(m)
T Y

By:: Bayes Factor
(Mapayovrag Bayes) Prior Model Odds ‘

(Ek-TwV-TNpoTépmv Adyoq

MOavoTATOV TV MovTéEA®V)
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6... AlIAOI EAEMXOIl YNOGEZEQN
6.1. Eicaywyn: Ek-Twv-Yorepwv Aoyo¢
rMmeéavorntwy rwv MovréAwv

fim):  Ek-Twv-NpoTtepwv MBavoTnTa Tou
pnovteAou m (Prior model probability)

Aml|y): Ek-Twv-YoTépwv MBavoTnTa Tou
pnovteAou m (Posterior model probability)

fly|m): MepiBwpiakn MOavopaveia Twv
Aedopevwv aTo povreAo m (marginal
likelihood of model m)

6... AlIAOI EAEMXOIl YNOGEZEQN
6.1. Eicaywyn: Ek-Twv-Yorepwv Aoyo¢
rMmeéavorntwy rwv MovréAwyv

M : EK-TwV-NpoTEPWV AOYOC
S (my) MmeavoTnTWV Tou JOVTEAOU M,
£vVaVTI TOU JOVTEAOU M,
(Prior model odds of m; vs. m;)
_M . I-IC] . -
0 = : MapayovTac Bayes Tou pJovTeAOU
Sy Im)  my évav Tou povréhou m,
(Bayes Factor of model m, vs. m,)
_S(my|y) . ° '

: EK-TwV-uoTEPWV AOYOC

S(m|y) I'IIGCIVOTI’]T(DV TOU MOVTEAOU M
EVAVTI TOU JOVTEAOU M,

(Posterior model odds of m; vs. m,)

01 —

Bayesian Biostatistics Using BUGS (4) 4.3
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6... AlIAOI EAEMXOIl YNOGEZEQN
6.2. Ek-Twv-Yorepwyv MOavorntes Twv
MovréAwy oro BUGS

>10 BUGS pumopodpe vo EKTIUNGOVE TN EK-TWV-
votepwv mbovotnto f(m|y) elcdyovtac tnv
AavBdavovca (latent) ditiun petafint v:

Y~Normal( o+ BX,6?).

6... AlIAOI EAEMXOIl YNOGEZEQN
6.2. Ek-Twv-Yorepwyv MOavorntes Twv
MovréAwy oro BUGS

>10 BUGS pumopodpe vo EKTIUNGOVE TN EK-TWV-
votepwv mbovotnto f(m|y) elcdyovtac tnv
AavBavovaca (latent) ditiun petafint v:

Y~Normal( o @BX ,6%).

Bayesian Biostatistics Using BUGS (4)
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6... AlIAOI EAEMXOIl YNOGEZEQN
6.2. Ek-Twv-Yorepwyv MOavorntes Twv
MovréAwy oro BUGS

['o Aemtopépeleg TOPATEUTOVE GTO AKOAOVOL
Katsis, A. and Ntzoufras, 1. (2003). Testing Hypotheses for the
Distribution of Insurance Claim Counts Using the Gibbs Sampler.
Ntzoufras, I. (2002). Gibbs Variable Selection Using BUGS. Journal of|
Statistical Software, Volume 7, Issue 7,1 — 19 .
Dellaportas, Forster and Ntzoufras (2002). On Bayesian Model and
Variable Selection Using MCMC. Statistics and Computing, 12, 27-36.
Dellaportas, Forster and Ntzoufras (2000). On Bayesian Model and
Variable Selection Using MCMC. In Generalized Linear Models: A
Bayesian Perspective, 271-286.

MY BUGS TUTORIAL PAGE:
http://stat-athens.aueb.gr/~jbn/bugs_tutorial/home.html

Ntzoufras (2002). Tutorial on Bayesian Model Selection (Msc Hand
outs)

6... AlIAOI EAEMXOIl YNOGEZEQN
6.2. Ek-Twv-Yorepwyv MOavorntes Twv
MovréAwy oro BUGS

H katavoun f(B| y=0) ovopaleTal kal weudo-prior (pseudo-
prior) | or karavouri nporaonc (proposal distribution).

Aev ennpedlel TNV EK-TWV-UOTEPWY KaTtavoun dnA. Tnv

Ao, B, v y)=Ao, Bl v, YAV Y).
Ennpealel Tnv ouykAion tn¢ alvoidac

Ma va OoUAEWel anoTeAeEOATIKA NPENEN va €ival KovTd
OTNV €K-TWV-UCOTEPWV KAaTavoun: ff|y, y=1) .

Ma AOyoug anAouoTeuonG UNOBETOUE
Sl v=0)=fB[v=1)

[AouAeUEl KAAG OTO GUYKEKPIPEVO Napdadelyual

Bayesian Biostatistics Using BUGS (4) 4.5
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6... AlIAOI EAEMXOIl YNOGEZEQN
6.2. Ek-Twv-Yorepwyv MOavorntes Twv
MovréAwy oro BUGS

for (1 in 1:n) {
Birth[i]~dnorm(mu[i], tau)
} x[i]<-estriol[i]-mean(estriol[])

(1) Birth, ~ Normal(p,, 02
2)ni=a+  PxEstridl,
(3) B=n;=a+pxEstrOl,
fori=1,...,3
PRIORS
f(a)=NormaI ( 0’ 104 ) a~dnorm(0.0,1.0E-04)
F(B)=Normal (0, 10%) 00t aoe 1. om-0)
f(1?)=Gamma(10+,10%)
0-2=1/ T s2<-1/tau

mu[i] <-a+ b*x[i]

}

6... AlIAOI EAEMXOIl YNOGEZEQN
6.2. Ek-Twv-Yorepwyv MOavorntes Twv
MovréAwy oro BUGS

for (1 in 1:n) {
Birth[i]~dnorm(mu[i], tau)
x[i]<-estriol[i]-mean (estriol[])
} mu[i] <-a+ gamma*b*x[i]

(1) Birth, ~ Normal(p,, 02
(2) n; = a + y x BxEstyiol,
(3) B=n;=a+pxEstrOl,
fori=1,...,3
PRIORS
f(a)=NormaI ( 0, 104 ) a~dnorm(0.0,1.0E-04)
F(By=Normal (0, 10%) & ea om0
f(1?)=Gamma(10+,10%)
0-2=1/ T s2<-1/tau
v ~ Bernoulli (0.5)

}

gamma~dbern (0.5)

Bayesian Biostatistics Using BUGS (4)
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6... AlIAOI EAEMXOIl YNOGEZEQN
6.2. Ek-Twv-Yorepwyv MOavorntes Twv
MovréAwy oro BUGS

(1) Birth, ~ al(y,, 02
(2)n,=a xEstpiol, }

(3) Hi=n;=a+PxEstyOl,
fori=1,...,3

PRIORS
f(a)=Normal ( 0, 10%)
f(B)=Normal ( 0, 10%)

for (1 in 1:n) {
Birth[i]~dnorm(mu[i], tau)

x[i]<-estriol[i]-mean(estriol[])
mu [i] <—a+b*x[i]
}

a~dnorm(0.0,1.0E-04)
b~dnorm(0.0,1.0E-04)

tau~dgamma (1.0E-04,1.0E-04)
f(19)=Gamma(104,104)
0‘2=]_/ T s2<-1/tau

| v ~ Bernoulli (0.5) |-
gamma~dbern (0.5)

6... AlIAOI EAEMXOIl YNOGEZEQN
6.2. Ek-Twv-Yorepwyv MOavorntes Twv
MovréAwy oro BUGS

MeTa ano Burn-in 1000 enavaAnyewv Kal
20,000 enavaAnyeic wg dsiyua

fly=1ly)= 0.6268

PO,,=BF,, = 1. 68

Bayesian Biostatistics Using BUGS (4)
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6... AlIAOI EAEMXOIl YNOGEZEQN
6.2. Ek-Twv-Yorepwyv MOavorntes Twv
MovréAwy oro BUGS

Aev oulnTNOAUE YIA TIG EK-TWV-TTPOTEPWYV KATAVOUEG TWV
MOVTEAWV OTav KAvoupe eTTIAOYAR/CUYKPION JOVTEAWV
[To Bépa gival TTOAU peydAo kal oUvBETO yia auTtd TO pdabnual,
MeyAAEG TINEG TNG EK-TWV-TTPOTEPWY dlakUuavong Tou B Ba
evepyoTroinoel To mapddoto Twv Bartlett - Lindley =>
f(y=1|y)— 0.0
Mia AUon: H ek-twv-trpoTtépwyv (ETI) katavour g
povadiaiag TAnpogopiag (Unit information prior, BIC):

ETM AlokUpavon Tou B =

MéyeBog Aciyuatog X ETY AlakUuavon Tou B TTou TTaipvoupue
otav xpnoiyotrolouue eTTitredn ETIM katavoun

6... AlIAOI EAEMXOIl YNOGEZEQN
6.2. Ek-Twv-Yorepwyv MOavorntes Twv
MovréAwy oro BUGS

Ac ZavaTpeEoupe To Napadelypa pe tnv ETM
povadiaiac nAnpogopiac.
TpExoupe To napadelyua Pe peyain ETM
dlakUpavon kai Bpiokoupe

ETY AlakUpavon= (0.1431)2

Maipvoupe Twpa oTn oUYKPION TWV 2 HOVTEAWV HE
ETN AiakUpaveon Tou B = 31 X (0.1431)2 = 0.6348
ETIN AkpiBeia Tou B = 1/0.6348 = 1.575

Bayesian Biostatistics Using BUGS (4)
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6... AlIAOI EAEMXOIl YNOGEZEQN
6.2. Ek-Twv-Yorepwyv MOavorntes Twv
MovréAwy oro BUGS

MeTa and Burn-in 1000 enavaAnyewv kai 20,000
NMPOCOMOIWUEVEC TIMEC EXOUHE WC AMNOTEAECHA

fly=1]y)= 0.9922
PO,,=BF,, = 127.20

6... AlIAOI EAEMXOIl YNOGEZEQN
6.2. Ek-Twv-Yorepwyv MOavorntes Twv
MovréAwy oro BUGS

AuTO TO Mapadeiypa ival povo yia Enideign

Mnv npoonadnosTe va TPEEETE GUYKPION HOVTEAWV
oTo BUGS av dev €xeTe NpwTA KATAvonoel MoAU KaAd
TNV NPOCOMOIWON TWV ANAWV HOVTEAWV Kal TO TPOMO
AeIToupyiac Twv PEBOdWV GUYKPIONG HOVTEAWV.

Na €ioTe noAu nNpooekTIKoi 0Tav eniAeyeTe ETM (prior)
kal peudo-ETM (pseudo-prior) KATavouEC

Bayesian Biostatistics Using BUGS (4)
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6... AlIAOI EAEMXOIl YNOGEZEQN
6.3. AAAol Tportrolr YroAoyiouou Tou
lNapayovra Bayes

MCMC vyia 20ykpion MovTéAwv

Reversible Jump MCMC (RIMCMC, Green, 1995) [Agv ptropei va
epappooTei oto WINBUGS akéua]

AsiyuaroAnmrng rwv Carlin kai Chib (1995). MNapddeiyua 13
(Pines dataset) oto Bugs 0.5 Examples vol.2, oeA. 47-50 .
Tpétrol YroAoyiopou tng MepiBwpiakng MBavogdveiag

EKTIUNTAG Tou Appovikou puéoou Tng Mbavoedveiag

O EkmiuntAg Twv Newton kai Raftery (1994).

O EkTiunTAG Twv Gelfand kair Dey (1994).

O EkTiuntAG Tou Chib (1995, JASA).

O Ekmiuntig Laplace-Metropolis (Lewis kai Raftery, 1997)

K.a. I'a AeTTTOPEPEIEG TTPOTEIVW va OEiTE TO KAAS review Tou Lopes
(2002).

7... AANOI TPOINOI ZYTKPIZHZ MONTEAQN
7.1. Kpirnpia lAnpogopiac (Information
Criteria)

Ta KpITApIa TTANPOPOPIAG YEVIKA OpifovTal WG TNV PEYIOTN
molavo@paveia aTn oTroia eTTIBAAAETAI YIa TTOIVA VIO KABE
ETTITTAEOV TTAPAUETPO TTOU EKTIJOUE

Deviance = -2 max{ log - likelihood }

IC = -2 max{ log - likelihood } + parameters x penalty

AIC= -2 max{ log - likelihood } + parameters x 2

BIC= -2 max{ log - likelihood } + parameters x log(n)

Bayesian Biostatistics Using BUGS (4)

1/23/2006
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7... AANOI TPOINOI ZYTKPIZHZ MONTEAQN
7.1. Kpirnpia lAnpogopiac (Information
Criteria)

MTtropoupe va opicoupe TiG Bayesian versions Twv AIC/BIC kai

va Bpoupe Tig posterior kal va TIG ouykpivouue (Brooks 2002)
B.Deviance(m) = -2 log{f(y|8,m)} = -2 log - likelihood
B.AIC(m) = -2 log{f(y|®, m)} + parameters x 2

B.BIC(m) = -2 log{f(y|®, m)} + parameters x log(n)

7... AAANOI TPOINOI ZYTKPIZHZ MONTEAQN
7.2. Bayesian AIC/BIC oro WINBUGS
(Estriol Example)

MMNOPOYME NA TPE=ZOYME KAI TA AYO MONTEAA ZE
ENA NMPOIrPAMMA WINBUGS.

1... OpiCoupe 10 AoydapiBuo TnG MiBavoaveiag yia Kae
Taparrpnon (Péoa oto for).

2... YtroAoyiCoupe Tn cuvoAikA AoyapiBuo - Mbavogaveia

3... YmoAoyiCoupue 10 AIC/BIC yia kGBe povtéAo

4... YtrohoyiCoupe diagopég Twv AIC/BIC 1ToU pag
evOlaQEPOUV.(MoVo o€ TTaPAAANAN delyuatoAnyia)

Bayesian Biostatistics Using BUGS (4)

1/23/2006
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(1)

(1)- pi<-3.14

- loglikel[i]<- -0.5*log(2*pi)+0.5*1log(tau)

7... AAANOI TPOINOI ZYTKPIZHZ MONTEAQN
7.2. Bayesian AIC/BIC oro WINBUGS
(Estriol Example)

MONTEAO 1: BIRTHWEIGHT=0+8 ESTRIOL

model estriol AIC BIC;
{

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

-0.5*pow( birth[i]-mu[i],2 )*tau

7... AAANOI TPOINOI ZYTKPIZHZ MONTEAQN
7.2. Bayesian AIC/BIC oro WINBUGS
(Estriol Example)

MONTEAO 1: BIRTHWEIGHT=a+8 ESTRIOL
# prior distributions for model ml
a.star~dnorm( 0, 1.0E-04 )
b~dnorm( 0, 1.0E-04 ); # normal prior for b
tau~dgamma ( 1.0E-04 , 1.0E-04 )
s2<-1/tau;
a<-a.star-b*mean(estriol[]) ;
# Bayesian versions of LogLikelihood
Li<-sum( loglikel[] ) @E= (2)
# Bayesian versions of BIC
BIC1<- -2*L1 + 3*log(n)
# Bayesian versions of AIC _ ()
AIC1<- -2*L1 + 3*2

Bayesian Biostatistics Using BUGS (4)

1/23/2006
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7... AAANOI TPOINOI ZYTKPIZHZ MONTEAQN
7.2. Bayesian AIC/BIC oro WINBUGS
(Estriol Example)

MONTEAO 0: BIRTHWEIGHT=a
model estriol AIC BIC{
pi<-3.14
for (i in 1:n) {

# definition of model ml
# definition of model mO

birthO[i]<-birth[i]
birthO[i]~dnorm( muO[i], taul );
mu0[i]<-a0;
(1)- loglikeO[i]<- -0.5*log(2*pi)+0.5*1log(taul)
-0.5*pow( birthO[i]-muO[i], 2) *taul

}

7... AAANOI TPOINOI ZYTKPIZHZ MONTEAQN
7.2. Bayesian AIC/BIC oro WINBUGS
(Estriol Example)

MONTEAO 0: BIRTHWEIGHT=a
# prior distributions for model ml
# O
# prior distributions for model mO
a0~dnorm( 0, 1.0E-04 );
tauO~dgamma( 1.0E-04 , 1.0E-04 );
# Bayesian versions of LogLikelihood
Ll<-sum( loglikel[] )
LO<-sum( loglikeO[] ) _(2)
# "Bayesian versions or BIC
BICl<- -2*L1 + 3*log(n)
BICO<- -2*L0 + 2*log(n) _ (3)
(4) ==) DBicio<- BICO-BIC1

# Bayesian versions of AIC
AICl<- -2*L1 + 3*2 — 3
AICO<- -2*L0 + 2*2 ( )
(4) ==) Daicio<- arco-arci }

Bayesian Biostatistics Using BUGS (4) 4.13
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MC error 2.5%

(Estriol Example)
1
AnoTteleoparta

node mean sd
AICO 189.4 2.003 0.032
AlC1 178.2 2.533 0.03684
BICO 192.3 2.003 0.032
BIC1 182.5 2.533 0.03684
DAIC10 11.23 3.212 0.05295
DBIC10 9.798 3.212 0.05295

187.5
175.3
190.3
179.6
4.246
2.812

median
188.8
1775
191.6
181.8
11.48
10.04

97.5%
194.8
184.7
197.7
189.0
17.65
16.22

start
1001
1001
1001
1001
1001
1001

Yrnoompileton o povtéro pe B #0 kot pe to
AIC xou pe 1o BIC

7... AAAOI TPOMNOI ZYTKPIZHZ MONTEAQN
7.2. Bayesian AIC/BIC oro WINBUGS

sample
5000
5000
5000
5000
5000
5000

DIC(m)=2D(8,m)-D(8,m)

DIC(m)= D(8,m)+ pp(m)

To DIC civai evikeuon Tou AIC
Spiegelhalter et al. (2002, RSSB)

_D(B,m) = posterior mean of deviance for model m
pp(m) = effective number of parameters of model m

7... AANOI TPOINOI ZYTKPIZHZ MONTEAQN
7.3. [1Anpo@opiako Kpirnpio ATTokAiong
(Deviance Information Criterion)

D(8,m): Deviance evaluated at the posterior mean of 8 (1
GAAOU eKTIUNTA)

Bayesian Biostatistics Using BUGS (4)

1/23/2006
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7... AANOI TPOINOI ZYTKPIZHZ MONTEAQN
7.3. [1Anpo@opiako Kpirnpio ATTokAiong
(Deviance Information Criterion)

MEPIKA 2XOAIA T'IA TO DIC

1) I'evikevon tov AIC. I'a Ta p1 wepapyika povtéia p,, eivar
TEPITOV 160 UE TOV TPUYUUTIKO aplOpd TOV TapapiTPOV.

2) Mkpég arrayéc Tng ektipnong tov 0 (wov
YPNOYLOTOLELTAL Y10, TOV VTOLOYIGUO TOV Pp) NTOPEL VO
oonynosl o€ arho DIC (apa emnpealetor kon amd prior, Tnv
TOPOUETPOTOINGT] TOV HOVTEAOL KOl OTO TNV AGVUUETPLa TNG
posterior Tov 0).

7... AANOI TPOINOI ZYTKPIZHZ MONTEAQN
7.3. [1Anpo@opiako Kpirnpio ATTokAiong
(Deviance Information Criterion)

MEPIKA 2XOAIA T'IA TO DIC

3) Xto WINBUGS o¢v oidetar o Movre Kapio coaipo
(MC error).

To o@dipo Tov Deviance pmopodpe va o fpodvpe evkoia
empArénovrac (monitor) Tnv posterior Tov Deviance
(oprlovpe D1<- -2L1 kor DO<- -2LO0 0TO mTOPAOELYpQ
™S Eotproing). Avté 10 6@aAipa yeViKa givar pikpo.

Avnovyia vwapyet Yo 10 p;, (kow D(6,m) ) kan yevika 0o,
TPETEL VO KOITALOVUE TN 6TOOEPOTNTO QVTOV TOV
TOGOTNTMV HETA OO UPKETES ETUVUAIM|YELGS,

Bayesian Biostatistics Using BUGS (4)

1/23/2006
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7... AANOI TPOINOI ZYTKPIZHZ MONTEAQN
7.3. [1Anpo@opiako Kpirnpio ATTokAiong
(Deviance Information Criterion)

MEPIKA 2XOAIA T'IA TO DIC

4) Av n LoyaprOpo - mOavo@avela gival Koidn g Tpog Tig

TOPOpPETPOVS TG (0TO0YaOoTIKOVG KOpPovg) TdTe DIC>0.
HMapoéra ovtd propovpe va tdpoope apvntiké DIC o1ig
aKOLOVOES TEPITTAOOELS
i) pe pn koireg AoyaprOpo-mOavopaverog (m.y. Student-t
KOTOVOUT) 0710V VTAPYEL PEYAAN OLOPOPE RETALD prior Kol
ogoopévov.
ii) 6Tav 1 posterior piog TOPApPETPOV Eivarl GUUETPIKN KoL
OIKOPLON KOl YEVIKA 0TAV 0 EK-TOV-VETEPMV PEGOG ElvarL
PTOYOS TEPLYPUPIKOG OEIKTNG NE NEYAA) EK-TOV-VETEPMV
owkvpavon.

7... AANOI TPOINOI ZYTKPIZHZ MONTEAQN
7.3. [1Anpo@opiako Kpirnpio ATTokAiong
(Deviance Information Criterion)

MEPIKA 2XOAIA T'IA TO DIC

5) To ehayroto DIC gkTipder mord povrero 0o dmoeL TIg
KaAVTEPES oOvTopes (short-term) mpofréyers otny idra
Aoyucn] pe to AIC.

Hapdéro avtd v 1 dSre@opd tov DIC givar pikpotepn omod S
Y10 povTELA TOV HivOuV TEAEIMG OLAPOPETIKA cVPUTEPAGNRATO
T0TE Eival AaO0g amAhd vo. avaEPOVIE TO HOVTELD NE TO
pwkpotepo DIC.

6) To DIC (6nm¢ kot Ta. AIC/BIC) givan ovykpiocpa yio
povtéda pe to iora dgdopéva. Ta povréha dg yperaleton va
gival «poAMaopévay to £vo péca 6to dilo (nested).

Bayesian Biostatistics Using BUGS (4)

1/23/2006
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7... AAAOI TPOMNOI ZYTKPIZHZ MONTEAQN

7.3. [1Anpo@opiako Kpirnpio ATTokAiong
(Deviance Information Criterion)

MEPIKA 2XOAIA T'IA TO DIC

7) To DIC dwpéper o€ 610005 Ko popen} a6 1o BIC kor Tov
MMopdayovra Bayes.

8) Oa mpémer va ypnoponoreite pe mpocsoyn 1o DIC péypr va
vdp&ov o TOALE EPELVNTIKG OTOTEAEGNATO. XE NEPLKA
povtédha to WINBUGS ogv pmopet va vroroyiotei to DIC. INa
Aentopépereg mapanépmovpe otny loto-cehioa Ttov WINBUGS
http://www.mrc-bsu.cam.ac.uk/bugs/winbugs/contents.shtml

9) O vroroyiopog Tmv Bayesian BIC/AIC gival o €dkohog kot
apecog (ko propovpe va £xovpe kot MC error).

7... AAAOI TPOMNOI ZYTKPIZHZ MONTEAQN

7.4. YmroAoyioudcg rou DIC oro WINBUGS
(Estriol Example)

Aev xpelddeTal va opIocOUE KATI ETTITTAEOV OTO JOVTENO
Tou WINBUGS.

MTtropouue va TpéEouue TTapAAANAa OAa Ta PovTéEAQ TTou
BéAoupe va cuykpivouue padi.

A@oU TTPOCOUOIWCOUNE TIG TTPWTEG TTAPATNPACEIC OTNV
TTePiodo Burn-in emAéyoupe INFERENCE>DIC

ESWinBUGS14 - [estrioll]
@ File Tools Edit Attibutes  Info  Model | |nference Options Doodle Map Test Window Help

BHUpdale Tool Samples...

LCompare. ..
updates I‘IEIEID refresh I‘IEIEI

Carrelations

update | thin I‘I iteration I‘IDDD Summary...

Bank. ..

™ over relax ™ adapting

DIC...

AT = 2L+ 532
LIC0= 24 0+ D0
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7... AAAOI TPOMNOI ZYTKPIZHZ MONTEAQN

7.4. YmroAoyioudcg rou DIC oro WINBUGS
(Estriol Example)

EmiAéyoupe To KouTi SET .
E2DIC Tool

(o[ | (e |

Mpooopolwvouue 10 deiypa atmd Tnv posterior KATavoun
(MODEL>UPDATE, cupttAnpwvouue oT1o updates Tov
APIBUO TWV ETTAVAANYEWV).

EmAéyoupue o DIC TOOL (INFERENCE>DIC) kai T0
kourTi DIC.

o |

7... AAAOI TPOINOI ZYTKPIZHZ MONTEAQN
7.4. YmroAoyioudcg rou DIC oro WINBUGS

(Estriol Example)
AMNOTEAEZMATA
Dbar = post.mean of -2logL; Dhat =-2LogL at post.mean of stochastic nodes
Dbar Dhat pD DIC
birth 172.201 169.086 3.115 175.316
birthO 185.433 183.447 1.985 187.418
total 357.633 352.533 5.100 362.734

Alagopa = 13.23
MovTéAo 1 TTAAI KOAUTEPO

Pp Eival TTEPITToU ioco e 3 Kal 2 (apIiBuog TTapapETpwyV
oTa OUO POVTEAQ).
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8...NMNPOBAENTIKOI AIAFNQ2TIKOI
EAEIMXOI TQN MONTEAQN
NNEPIEXOMENA

[BUGS manual: page 40]

KataAoina (Residuals)

Ex-Twv-uoTépwv Eninedo ZnuavTtikdTnTag (Posterior
P-values)

MpoBAenTIkA METpa ZUyKpIONG MOVTEAWY
(Predictive Model Comparison Measures)
MpoPAenTika MeETpa MapaAAnAng AciypaToAsipiag
(Parallel Sampling Predictive Measures)

8...NMNPOBAENTIKOI AIAFNQ2TIKOI
EAEIMXOI TQN MONTEAQN
ENA ATINO IMAPAAEIC'MA (LINE.BUG)

model {
# Likel1hood
for(iinl : N ) {
y[i] ~ dnorm(mu[i], tau)
mul[i]<- alpha+ beta*( x[i]-mean(x[]) )
}
# 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)

Bayesian Biostatistics Using BUGS (4)
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8...NMNPOBAENTIKOI AIAFNQ2TIKOI
EAEIMXOI TQN MONTEAQN
ENA ATINO IMAPAAEIIC'MA (LINE.BUG)

Data (XQPIX OUTLIER) :
list(x = c(1, 2, 3, 4, 5),

y= c(1, 3, 3, 3, 5), N = 5)
Data(2) (ME OUTLIER) :
list(x = c(1, 2, 3, 4, 5),

y= c(1, 7, 3, 3, 5), N = 5)

Inits:
list(alpha = 0, beta = 0, tau

1)

8...NMNPOBAENTIKOI AIAFNQ2TIKOI
EAEIMXOI TQN MONTEAQN
8.1. EAE'’X02 KATAAOIINQN

E€eTaloupe TNV EK-TWV-UCTEPWV KATAVOUN TWV
kaTaloinwv (y,=data)
Katahomna (Residual): r, =y, - E(y,)
resid[i]<-y[i]-mu[i]
Tunonoinueva Kataloina (Standardized
Residual): sr; = r/\W(y;)= {y; - E(y)}/\V(y))

sresid[i]<-r[i] *sqgrt (tau)

Bayesian Biostatistics Using BUGS (4) 4.20



Ioannis Ntzoufras

8...NMNPOBAENTIKOI AIAFNQ2TIKOI
EAEIMXOI TQN MONTEAQN
8.1. EAE'’X02 KATAAOIINQN

AMNOTEAEZMATA (DATA XQPIX OUTLIER)

node mean sd MC error 2.5% median 97.5%
resid[1] -0.38 1.1 0.023 -2.3 -0.4 1.6
resid[2] 0.82 0.71 0.017 -0.42 0.81 2.1
resid[3] 0.027 0.65 0.016 -1.0 0.013 1.1
resid[4] -0.77 1.0 0.022 -2.0 -0.79 0.51
resid[5] 0.43 15 0.031 -1.4 0.42 2.3
node mean sd MC error 2.5% median 97.5%
sresid[1] -0.49 0.83 0.018 -2.1 -0.49 1.1
sresid[2] 1.0 0.69 0.017 -0.3 1.0 2.4
sresid[3] 0.013 0.45 0.0086 -0.9 0.017 0.9
sresid[4] -1.0 0.7 0.018 24 -0.98 0.32
sresid[5] 0.52 0.8 0.016 -1.1 0.52 2.1

8...NMNPOBAENTIKOI AIAFNQ2TIKOI
EAEIMXOI TQN MONTEAQN
8.1. EAE'’X02 KATAAOIINQN

AMNOTEAEZMATA (DATA ME OUTLIER)

node mean sd MC error 2.5% median 97.5%
resid[1] -2.0 3.7 0.066 -8.3 -2.0 4.5
resid[2] 3.6 2.4 0.046 -0.69 3.6 8.0
resid[3] -0.72 2.1 0.04 -4.3 -0.75 2.9
resid[4] -1.1 3.2 0.051 -5.3 -1.1 3.3
resid[5] 0.53 4.7 0.072 -5.6 0.48 6.8
node mean sd MC error 2.5% median 97.5%
sresid[1] -0.73 0.85 0.017 -2.4 -0.74 0.86
sresid[2] 1.3 0.78 0.021 -0.13 1.3 2.9
sresid[3] -0.28 0.47 0.0067 -1.2 -0.28 0.63
sresid[4] -0.42 0.58 0.009 -1.6 -0.42 0.72
sresid[5] 0.17 0.77 0.014 -1.4 0.17 1.7

Bayesian Biostatistics Using BUGS (4)
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8...NMNPOBAENTIKOI AIAFNQ2TIKOI
EAEIMXOI TQN MONTEAQN
8.2. [IPOBAETIOMENEZ TIMEZ KALKATAAOIINA

E€eTAloUPE TIC TIMEC MOU AVAUEVOUUE
(npoPA&noupe) pe Baon To povTelo (yPred)
y.pred[i]~dnorm( mu[i], tau)
Enionc e€eTaloupe kal TIC anooTACEIG TWV
NPOPBAENOPEVWV TIHWV ANO TIC
napaTnPNPOUMEVEC
Tunonoinuéva Kataloina (Predicted
Standardized Residual):
srpred = (y;-yPred/NV(y;)
sr.pred[i]<-(y[i]-y.pred[i]) *sqgrt(tau)

8...NMNPOBAENTIKOI AIAFNQ2TIKOI
EAEIMXOI TQN MONTEAQN
8.2. [IPOBAEIIOMENEZ TIMEZ2 KAl KATAAOITA

AMNOTEAEZMATA (DATA XQPIX OUTLIER)

node mean sd MC error 2.5% median 97.5%
y.pred[1] 1.4 1.6 0.03 -1.5 14 4.3
y.pred[2] 2.2 1.4 0.022 -0.33 2.2 4.8
y.pred[3] 3.0 1.3 0.022 0.31 3.0 5.5
y.pred[4] 3.9 1.4 0.025 1.3 3.8 6.7
y.pred[5] 4.6 1.6 0.026 1.8 4.6 7.6
node mean sd MC error 2.5% median 97.5%
sr.pred[1] -0.5 1.3 0.024 -3.1 -0.48 2.1
sr.pred[2] 0.98 1.2 0.02 -1.3 0.97 3.3
sr.pred[3] 0.02 1.1 0.019 -2.1 0.014 2.0
sr.pred[4] -1.0 1.2 0.022 -3.5 -1.0 1.3
sr.pred[5] 0.49 1.3 0.024 -2.0 0.49 3.0
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8...NMNPOBAENTIKOI AIAFNQ2TIKOI
EAEIMXOI TQN MONTEAQN
8.2. [IPOBAEIIOMENEZ TIMEZ2 KAl KATAAOITA

AMNOTEAEZMATA (DATA ME OUTLIER)

node mean sd MC error 2.5% median 97.5%
y.pred[1] 2.9 5.6 0.1 -71 2.9 13.0
y.pred[2] 3.5 4.8 0.077 -5.3 3.5 12.0
y.pred[3] 3.7 4.6 0.075 -5.5 3.8 12.0
y.pred[4] 4.4 5.0 0.088 -4.3 4.3 14.0
y.pred[5] 4.7 54 0.09 -5.1 4.6 15.0
node mean sd MC error 2.5% median 97.5%
sr.pred[1] -0.72 14 0.025 -3.4 -0.71 1.9
sr.pred[2] 1.3 1.2 0.022 -1.1 1.3 3.7
sr.pred[3] -0.27 1.1 0.019 -2.4 -0.27 1.8
sr.pred[4] -0.47 1.2 0.02 -2.8 -0.45 1.8
sr.pred[5] 0.13 1.3 0.023 -2.3 0.14 2.6

8...NMNPOBAENTIKOI AIAFNQ2TIKOI

EAEIMXOI TQON MONTEAQN
8.3. AIAITNQZTIKA METPA ITPOBAEINTIKQN TIMON

a) MeavoTnTa Nio aKkpaiac Naparnenong

(Chance of more extreme observation):
min{P(Y;<y;), P(Y;>y;)}
Y.rep[i]<-dnorm(mu[i], tau)
p-.-smaller[i]<-step(y[i]-Y.rep[i])
YT1ToAOYi(OUME TOV EK-TWV-UOTEPWYV PECO TOU p.smaller
{E(p.smaller|y)} kai JETA TTAIPVOUNE TO
PMEO= min { E(p.smallerly), 1-E(p.smaller|y) }.
Av auTO gival JIKPO TOTE onuaivel 0TI Ta dedouéva cival
OuUOTNMATIKA HOKPIA aTTO TIC TIPOPRAETTONEVEG TIMEG
TOU POVTEAOU.
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8...NMNPOBAENTIKOI AIAFNQ2TIKOI

EAEIMXOI TQON MONTEAQN
8.3. AIAITNQZTIKA METPA ITPOBAEINTIKQN TIMON

a) MeavoTnTa Nio aKkpaiac Naparnenong

AMOTEAEZMATA

DATA XQPIZ OUTLIER DATA ME OUTLIER
node mean PMEO mean PMEO
p.smaller[1] 0.36 0.36 0.30 0.30
p.smaller[2] 0.8 0.20 0.85 0.15
p.smaller[3] 0.5 0.50 0.40 0.40
p.smaller[4] 0.2 0.20 0.35 0.35
p.smaller[5] 0.65 0.35 0.54 0.44

8...NMNPOBAENTIKOI AIAFNQ2TIKOI

EAEIMXOI TQON MONTEAQN
8.3. AIAITNQZTIKA METPA ITPOBAEINTIKQN TIMON

B) EK-TwVv-uoTépwv ETTireda ZnUAVTIKOTNTAG

(Posterior p-values)

H Aoyikn givai n

values dnAadn

€gNG:

Pmidyxvoupe pia ouvapTnon Twy dedouévwy T(y) TTou
EAEYXEI YIa UTTOBEON.
Me ToV idI0 TPOTTO UTTOPOUNE VO BPOUNE KOl TV
katavoun Tou T(y) av 1oxUel To JovTéAo pag (dnAadn va
BaoloTei OTIC TIPOBAETTOUEVEG TIWEG yPred).

H ouykpion Twv T(y) kai T(yP®d) yag divel Ta posterior p-

Posterior P-value = P( T(y) < T(yrr9) )

Bayesian Biostatistics Using BUGS (4)
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8...NMNPOBAENTIKOI AIAFNQ2TIKOI

EAEIMXOI TQON MONTEAQN
8.3. AIAITNQZTIKA METPA ITPOBAEINTIKQN TIMON

B) EK-Twv-uoTépwyv ETTireda ZnPAVTIKOTNTAG
(Posterior p-values)
O1 ouvapTAoEIG EAEYXOU UTTOPOUV VA YEVIKEUTOUV KAl VO
TTEPIAAUPBAVOUV Kal TTOPAPETPOUG dNAADA
Posterior P-value = P( T(y, 8) < T(y*r¢d, 8) )

8...NMNPOBAENTIKOI AIAFNQ2TIKOI

EAEIMXOI TQON MONTEAQN
8.3. AIAITNQZTIKA METPA ITPOBAEINTIKQN TIMON

B) EK-TwVv-uoTépwv ETTireda ZnUAVTIKOTNTAG
(Posterior p-values)

NMAPAAEIrMA: EAEIMXOz 2YMMETPIAX

T(y, 8) = Z(y;-m)°
sresid.pred[i]<-(y.pred[i]-mu[i]) *sqgrt (tau)
sresid3[i]<-pow( sresid[i] , 3 )
sresid3.pred[i]<-pow( sresid.pred[i] , 3 )
skew.obs<-mean (sresid3[])
skew.pred<-mean (sresid3.pred[])

pval.pred<-step (skew.pred-skew.obs)

Bayesian Biostatistics Using BUGS (4)
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8...NMNPOBAENTIKOI AIAFNQ2TIKOI

EAEIMXOI TQON MONTEAQN
8.3. AIAITNQZTIKA METPA ITPOBAEINTIKQN TIMON

B) EK-Twv-uoTépwyv ETTireda ZnPAVTIKOTNTAG

(Posterior p-values)

AMNMOTEAEZMATA

node mean

Y.=2 pval.pred 0.5018
2 skew.obs -0.01484
skew.pred -0.01527

node mean

Y.=7 pval.pred 0.4222

2 skew.obs 0.4449
skew.pred -0.01527

node mean

v2=10000[ pval.pred 0.1577

skew.obs 2.089
skew.pred -0.01527

sd MC error
0.5 0.005355
1.543 0.01706
1.768 0.01759
sd MC error
0.4939 0.005451
1.834 0.02173
1.768 0.01759
sd MC error
0.3645 0.003941
2.119 0.01967
1.768 0.01759

2.5% median
0.0 1.0
-3.252 -0.011
-3.918 -0.01252
2.5% median
0.0 0.0
-2.883 0.2151
-3.918 -0.01252
2.5% median
0.0 0.0
0.09692 1.439
-3.918 -0.01252

97.5%
1.0
3.296
3.728

97.5%
1.0
4.781
3.728

97.5%
1.0
7.821
3.728

node

p.smaller[31]
p.smaller[29]
p.smaller[27]
p.smaller[22]
p.smaller[28]

p.smaller[13]
p.smaller[6]
p.smaller[18]
p.smaller[7]
p.smaller[14]

Mean
p.smaller
0.9509
0.9030
0.8720
0.8623
0.8576

0.1416
0.1388
0.1250
0.0358
0.0267

PMOE

0.0491
0.0970
0.1280
0.1377
0.1424

0.1416
0.1388
0.1250
0.0358
0.0267

8...NMNPOBAENTIKOI AIAFNQ2TIKOI

EAEIMXOI TQON MONTEAQN
8.3. AIAITNQZTIKA METPA ITPOBAEINTIKQN TIMON

AMNOTEAEZMATA AIO TO estriol.dat

Mean
st.res.
1.792
1.327
1.177
1.130
1.122

-1.115
-1.107
-1.226
-1.887
-2.108
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8...NMNPOBAENTIKOI AIAFNQ2TIKOI

EAEIMXOI TQON MONTEAQN
8.3. AIAITNQZTIKA METPA ITPOBAEINTIKQN TIMON

50
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o
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0 10 20 30

ESTRIOL mg/24hr

8...NMNPOBAENTIKOI AIAFNQ2TIKOI

EAEIMXOI TQON MONTEAQN
8.3. AIAITNQZTIKA METPA ITPOBAEINTIKQN TIMON

50

BIRTHWEIGHT g/100

ESTRIOL mg/24hr
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8...NMNPOBAENTIKOI AIAFNQ2TIKOI

EAEIMXOI TQON MONTEAQN
8.3. AIAITNQZTIKA METPA ITPOBAEINTIKQN TIMON

AMNOTEAEZMATA AIO TO estriol.dat

node mean sd MC error 2.5% median 97.5%
pval.pred 0.6041 0.489 0.004522 0.0 1.0 1.0
skew.obs -0.2509 0.6361 0.006642 -1.59 -0.2214 0.9583
skew.pred -0.003227 0.6939 0.007235 -1.428 -0.005572 1.413

8...NMNPOBAENTIKOI AIAFNQ2TIKOI

EAEIMXOI TQON MONTEAQN
8.3. AIAITNQZTIKA METPA ITPOBAEINTIKQN TIMON

y) AIATNQZTIKA TQN IBRAHIM + LAUD
Lm2=z (yipred_ yi)2
M, = f(yPe9y,0) ek-Twv-uoTépwV TIOAVOTNTA
EMQAVIONG TWYV yPred
E(M,_ly) = Posterior Bayes Factor (Aitkin, 1991)
M " = peTpiéTal o€ iSieg povadeg pe Ta y
MEIONEKTHMATA
M., dev ptropei va utToAoyioTEi EUKOAO Adyw
MEYAAWV | HIKPWV TINWV
Agv Aappaver utTrTéYn Tou TOV APIBUO TWV
TTOPAMETPWY TOU KAOE pOVTEAOU.
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8...NMNPOBAENTIKOI AIAFNQ2TIKOI
EAEIMXOI TQON MONTEAQN

8.3. AIAITNQZTIKA METPA ITPOBAEINTIKQN TIMON

y) AIATNQZTIKA TQN IBRAHIM + LAUD
# model 1
birth.pred[i]~dnorm( mu[i], tau )
loglikel.pred[i]<- -0.5*log(2*pi)+0.5*1log(tau) -
0.5*pow( birth.pred[i]-mu[i],2 )*tau
likel[i]<- exp( loglikel[i] )
# model O
birth0.pred[i]~dnorm( muO[i], taul )
loglikeO.pred[i]<- -0.5*log(2*pi)+0.5*1log(taul) -
0.5*pow( birthO.pred[i]-muO[i],2 )*taul
likeO[i]<- exp( loglikeO[i] )
# Lm criterion
Lml<- sum( ssl[] ); LmO<- sum( ssO[] )

Mm criterion
Mml<-exp( Lml ); MmO<-exp( Lm0 )

H = =

Mml.star<-exp( -Lml/n ); MmO.star<-exp( -LmO/n )

8...NMNPOBAENTIKOI AIAFNQ2TIKOI
EAEIMXOI TQON MONTEAQN

8.3. AIAITNQZTIKA METPA ITPOBAEINTIKQN TIMON

ANOTEAEZMATA(estriol.dat)

node mean sd MC error 2.5% median
LmoO 1451.0 396.0 5.536 832.1 1401.0
Lm1 942.9 264.2 3.793 535.5 905.9
MmO 1.035E-36 1.0E-10 1.414E-12 0.0 7.254E-41
MmO.star 20.28 3.906 0.05565 14.35 19.72
Mm1 1.185E-33 1.0E-10 1.414E-12 2.382E-43 4.773E-38
Mm1.star 16.39 3.128 0.04665 11.44 15.99

97.5%
2371.0
1576.0
1.415E-36
29.53
1.606E-33
23.71
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8...NMNPOBAENTIKOI AIAFNQ2TIKOI

EAEIMX0OI TQON MONTEAQN
8.4. lNMpoBAsmrrika Mérpa llapaAAnAng.AsiyuaroAsiyiac

(Parallel Sampling Predictive Measures)

2TO TTAPATTAVW METPA TPEXOUME TH aAucida Tou
KABe HOVTEAOU KOl CUYKPiIVOUME OTO TEAOUG TOUG
Héooug Twv pETpwy Toug (AIC , BIC , L., M )
>Tn oUyKpIion HE NapAANAEC aAUGIOEC TPEXOUUE
OAa Ta povTeAa padi kal OUYPKIVOURE Ta PETPA HE
diapopeg (n.x. AAIC=AIC,-AIC,) kaI mBavoTnTeg
enikpatnong (n.x. P(AIC,>AIC,) ).

8...NMNPOBAENTIKOI AIAFNQ2TIKOI

EAEIMX0OI TQON MONTEAQN
8.4. lNpoBAsmrrika Mérpa [lapaAAnAng.AsiyuaroAsiyiag

(Parallel Sampling Predictive Measures) pa rallel

differences
DBIC10<- BICO-BIC1
DAIC10<- AICO-AIC1
diff[1]<-DAIC10
diff[2]<-DBIC10
diff[3]<- LmO-ILml
diff[4]<-Mm1l-MmO
diff[5]<-MmO0.star-Mml.star
PBF<-Mm1l /MmO
PBFn<-Mm0O.star/Mml.star

# parallel probabilities
for (i in 1:5){ prob[i]<-step(diff[i]) }
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8...NMNPOBAENTIKOI AIAFNQ2TIKOI
EAEIMXOI TQON MONTEAQN

8.4. lNMpoBAsmrrika Mérpa llapaAAnAng.AsiyuaroAsiyiac

(Parallel Sampling Predictive Measures)

AMNOTEAEZMATA (estriol.dat)

node mean sd MC error 2.5% median 97.5%
PBF Post.BF 1.067E+12 4.445E+13 6.202E+11 1.062E-4 772.0 5.358E+9
PBFn 1.28 0.3432 0.005331 0.7444 1.239 2.06
diff[1] AIC 11.29 3.277 0.04846 4.078 11.47 17.95
diff[2] BIC 9.854 3.277 0.04846 2.644 10.03 16.52
diff[3] Lm 508.0 a77.7 6.617 -364.8 483.3 1528.0
diff{4] Mm 1.184E-33 1.0E-10 1.414E-12 -8.809E-37 3.394E-38 1.606E-33
diff[5] Mm.star 3.886 5.025 0.07427 -5.609 3.785 14.31
prob[1] AlC 0.9964 0.05989 8.406E-4 1.0 1.0 1.0
prob[2] BIC 0.9922 0.08797 0.001298 1.0 1.0 1.0
probl[3] Lm 0.8694 0.337 0.005005 0.0 1.0 1.0
prob[4] Mm 0.794 0.4044 0.006368 0.0 1.0 1.0
prob[5] Mm.star 0.794 0.4044 0.006368 0.0 1.0 1.0

9...MMEYZIANH EMIAOIFH METABAHTQN

ME TO WINBUGS
9.1. TAPAAEIrMA ZE 2X2X2 [TINAKA.ZYNAPEIAS

Aedopéva anod 1o PBiBAio Tou Healy (1988).

MeTaBAnT) A = Kataotaon AoBevn (NepIogoTEPO 1 AlyOTEPO
goBapn),

MeTaBAnTh B = O¢gpaneia AvTiTogivng (Nai/Ox1)

MeTtaBAnT) C (peTaBAnTh anokpioncg) = EmBiwon AcBevi
(Nai/'Ox).

Xpnoiponolioupe AoyioTikn MaAivopopion

AenToEPEIEC UNopeiTE va BpeiTe oTic dnuooicuoelg Dellaportas
et al. (2000, BGLM).

EninAéov napadeiypata pe emidoyn peTaBAnTwv oto BUGS
MnopeiTe va Bpeite oTn dnuooicuon Ntzoufras (2002, JSS).
Ma €va anAo €Aeyxo unoBeoswv kal GUYKPION KATAVOUWY
MnopeiTe va Ogite Tn dnuooicuon Katsis and Ntzoufras (2004,
TR).

Bayesian Biostatistics Using BUGS (4)

1/23/2006
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9...MMEYZIANH EMIAOIFH METABAHTQN
ME TO WINBUGS
9.1. TAPAAEIrMA ZE 2X2X2 [TINAKA.ZYNA®EIAS

ENIBIQZH(C)
KataoTtaon (A) | Avritoivn(B) | 'Oxi Nai
ZoBapn Nai 15 6
[0)"( 22 4
Aiy.ZoBapn Nai 5 15
[0)"( 7 5

9...MMEYZIANH EMIAOIFH METABAHTQN
ME TO WINBUGS
9.1. TAPAAEIrMA ZE 2X2X2 [TINAKA.ZYNA®EIAS

MeTaBAntn Anokpiong: C = Enmifinon
AveEdpTnTeg MeTaBANTEC
MeTtaBAnT A = KatdoTtaon AoBevr)
MeTaBANnT B = O¢paneia AvTiTogivn
AMnNAenidpaon AB (interaction term)=
Condition*Antitoxin
MovTéAa Uno diepeuvnon
Movteho 1: AB = 1+A+B+AB
MovTeho 2: A+B = 1+A+B
Movteédo 3: A = 1+A
MovTédo 4: B = 1+B
MovTéAo 5: undevikd n o1abepo (null/ constant)= 1

Bayesian Biostatistics Using BUGS (4) 4.32
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9...MMEYZIANH EMIAOIFH METABAHTQN

ME TO WINBUGS
9.1. TAPAAEIrMA ZE 2X2X2 [TINAKA.ZYNA®EIAS

Ex-tov-IIpotépmv Katavouéc
Ex-tov-npotépuv dtakdpavon=4 X 2

Ex-tov-npotépav mbavotrta kdbe povtélov
f( YAa ’YBo YAB):I/S:

f(Ya> Yo YaB)™ T(Vag) f(¥a | Yan) (Y5 | YAB)

9...MMEYZIANH EMIAOIFH METABAHTQN

ME TO WINBUGS
9.1. TAPAAEIrMA ZE 2X2X2 [TINAKA.ZYNA®EIAS

Ex-tov-IIpotépov Kotavousc
f(Ya> B> YaB)= f(YaB) (¥ | YaB) f(V5 | YaB)
Yap ~ Bernoulli(1/5)

Ya | Yap ~ Bernoulli(p,)
Pa=0.5(1- Yop) * Vs
IMAadn po=1 av y,p=1 ka1 p,=0.5 av y,5=0

Opow yro v f(yg | Yap)
Yg | Yap ~ Bernoulli(pg)
Pp=0.5(1- Yap) + Yag

Bayesian Biostatistics Using BUGS (4) 4.33
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9...MMEYZIANH EMIAOIFH METABAHTQN

ME TO WINBUGS
9.1. TAPAAEIrMA ZE 2X2X2 [TINAKA.ZYNA®EIAS

DATA IN WINBUGS

r[] n[] x[,1] x[,2] x[,3] x[,4]
5121 -1 -1 1
4 261 1 -1 -1
15 201 -1 1 -1
6 211 1 1 1

9...MMEYZIANH EMIAOIFH METABAHTQN

ME TO WINBUGS
9.1. TAPAAEIrMA ZE 2X2X2 [TINAKA.ZYNA®EIAS

Kwdika WINBUGS yia Tnv Enihoyn MetaBAnTwv
he Tov AsiypatoAeinTn Gibbs (Gibbs Variable

Selection - GVS)
To povTéAo

for (i in 1:N) {
r[i]~dbin(p[i] ,n[i]);
logit(p[i])<-b[1] + x[i,2]* g[2]* b[2]
+ x[i,3]* g[3]* b[3]
+ x[i,4]* g[4]* b[4];

Bayesian Biostatistics Using BUGS (4)

1/23/2006
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9...MMEYZIANH EMIAOIFH METABAHTQN

ME TO WINBUGS
9.1. TAPAAEIrMA ZE 2X2X2 [TINAKA.ZYNA®EIAS

H eK-TOV-NPOTEPWV KATAVOUEG
b[1l]~dnorm(0.0,0.0001); }
for (i in 2:N) {

tau[i]<-g[i]/8+(1-g[i])/(se[i]l*se[i]);

bpriorm[i]<-mean[i]*(1-g[i])
b[i]~dnorm(bpriorm[i] , tau[i]); }

PROPOSAL/ PSEUDOPRIOR PRIOR

g[i]=0 gli]l=1
bpriorm[i] mean[i] 0.0
tauli] 1/se[i]? 1/8

9...MMEYZIANH EMIAOIFH METABAHTQN

ME TO WINBUGS
9.1. TAPAAEIrMA ZE 2X2X2 [TINAKA.ZYNA®EIAS

H EK-TOV-NPOTEPWV KATAVOUEG

PROPOSAL/ PSEUDOPRIOR PRIOR

gl[i]=0 gl[i]=1
bpriorm[i] mean[i] 0.0
tau[i] 1/se[i]? 1/8

mean[i] kot se[i] vmodoyiloviaL amd TV
posterior tou nAfpeg¢ poviéAou AB.

Bayesian Biostatistics Using BUGS (4)

1/23/2006
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9...MMEYZIANH EMIAOIFH METABAHTQN

ME TO WINBUGS
9.1. TAPAAEIrMA ZE 2X2X2 [TINAKA.ZYNA®EIAS

H ek-TOV-NPOTEPWV MIOAVOTNTEG TWV
OVTEAWV

gl[]: diLavuopa pe 4 ctoilxeia (doa KaL oL
napapetpot/époL TOU poOvTEAOU

KQAIKAX

for (i in 1:4){ g[i]~dbern(pi[i]) }
pi[l]<- 1.0

pi[2]<- 0.5%(1-g[4])+g[4]

pi[3]<- 0.5%(1-g[4])+g[4]

pi[4]<- 0.20

9...MMEYZIANH EMIAOIFH METABAHTQN

ME TO WINBUGS
9.1. TAPAAEIrMA ZE 2X2X2 [TINAKA.ZYNA®EIAS

EKTIUNON TOV EK-TOV-UOTEPWV MNIOAVOTATWV
TWV HovTEAwV oTo WINBUGS

# defining model code

# 0 for constant, 1 for [A], 2 for [B], 3 for [A][B],

# 6 for[AB]

#

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

Bayesian Biostatistics Using BUGS (4) 4.36
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9...MMEYZIANH EMIAOIFH METABAHTQN

ME TO WINBUGS
9.1. TAPAAEIrMA ZE 2X2X2 [TINAKA.ZYNA®EIAS

1... TpEXoupls TO NANPEG HOVTEAO BETOVTAG

node mean sd MC error 2.5% median 97.5%
b[1] -0.4889 0.2823 0.008722 -1.039 -0.4786 0.07779
b[2] -0.8919 0.2798 0.009499 -1.446 -0.8926 -0.3501
b[3] 0.5866 0.2824 0.009441  0.06599 0.5809 1.15
b[4] -0.1773 0.272 0.008021 -0.6896 -0.1754 0.3716

Oetoupe mean[i] koL se[i] Ti¢ mapamdve TLpéQ.

9...MMEYZIANH EMIAOIFH METABAHTQN

ME TO WINBUGS
9.1. TAPAAEIrMA ZE 2X2X2 [TINAKA.ZYNA®EIAS

2... TpEYoupe 1o GVS (5000410000 iterations

node mean sd MC error 2.5% median 97.5%
b[1] -0.4526  0.2656  0.002836 -0.9756  -0.4486  0.05737
b[2] 0.9166  0.263 0.002535 -1.44 09135  -0.4159
b[3] 05823 02759  0.002749 0.05192  0.5811 1.128
b[4] -0.1748 02736  0.00251 -0.7112  -0.1759  0.369
al1] 1.0 0.0 1.0E-12 1.0 1.0 1.0
g2 A Q98370 0.1266  0.001383 1.0 1.0 1.0

93] B 0501 0.5 0.004707 0.0 1.0 1.0

9l4] 0.0496 02171  0.002251 0.0 0.0 1.0
pmdi[1] 0.0045  0.06693 7.437E-4 0.0 0.0 0.0
pmdi[2] 05 0.004804 0.0 0.0 1.0
pmdi[3] 0.0118 \ 0.108 0.00114 0.0 0.0 0.0
pmdi[4] 0.4963  0.004209 0.0 0.0 1.0
pmdi[5] 00496  \0.2171  0.002251 0.0 0.0 1.0

Model A+B

Model A

Bayesian Biostatistics Using BUGS (4)
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10...EMIAOI'H MONTEAQN

Avokto O¢pa

H Mnevlravn) Tpocyyion divel AOGELS aAla £xEl
(axopo) wpopfinnata

Yrapyovv apKeTéES AALES TPOGEYYIGELS TIS OTTOLES OEV
KOAOWYOpE.

Bayesian Biostatistics
Using BUGS

TEAOZ TETAPTOY
MAOHMATOZ MAOHMATOZ

Department of Statistics,
Athens University of

Economics & Business

E-mail: ntzoufras@aueb.gr
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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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IHTAPAPTHMA A2: BIBAIOTPA®IA KAI AHMOXIEYXEIY YXETIKEY ME
BAYESIAN MODEL AND VARIABLE SELECTION

1. Bifroypaopio

2. Ntzoufras, 1. (2002). Gibbs Variable Selection Using BUGS. Journal of
Statistical Software, Volume 7, Issue 7,1 — 19 .

3. Dellaportas, P., Forster, J.J. and Ntzoufras, 1. (2000). Bayesian Variable
Selection Using the Gibbs Sampler. Generalized Linear Models: A Bayesian
Perspective (D.K.Dey, S.Ghosh and B. Mallick, eds.). New York: Marcel
Dekker, 271 — 286.

4. Katsis, A. and Ntzoufras, 1. (2003). Testing Hypotheses for the Distribution of
Insurance Claim Counts Using the Gibbs Sampler. Technical Report.

5. Spiegelhalter, D.J., Best, N.G., Carlin, B.P. and van der Linde, A. (2002).
Bayesian Measures of Model Complexity and Fit (with discussion). Journal of
the Royal Statistical Society, 64, 583 — 639.
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Abstract

In this paper we discuss and present in detail the implementation of
Gibbs variable selection as defined by Dellaportas et al. (2000, 2002)
using the BUGS software (Spiegelhalter et al. , 1996a,b,c). The spec-
ification of the likelihood, prior and pseudo-prior distributions of the
parameters as well as the prior term and model probabilities are de-
scribed in detail. Guidance is also provided for the calculation of the
posterior probabilities within BUGS environment when the number of
models is limited. We illustrate the application of this methodology in a
variety of problems including linear regression, log-linear and binomial
response models.

Keywords: Logistic regression; Linear regression; MCMC; Model selec-
tion.

1 Introduction

In Bayesian model averaging or model selection we focus on the calculation of
posterior model probabilities which involve integrals analytically tractable only in
certain restricted cases. This obstacle has been overcomed via the construction of
efficient MCMC algorithms for model and variable selection problems.

A variety of MCMC methods have been proposed for variable selection including
the Stochastic Search Variable Selection (SSVS) of George and McCulloch (1993),
the reversible jump Metropolis by Green (1995), the model selection approach of
Carlin and Chib (1995) the variable selection sampler of Kuo and Mallick (1998)
and the Gibbs variable selection (GVS) by Dellaportas et al. (2000, 2002).

The primary aim of this paper is to clearly illustrate how we can utilize BUGS
(Spiegelhalter et al. , 1996a, see also www.mrc-bsu.cam.ac.uk/bugs/welcome.shtml)
for the implementation of variable selection methods. We concentrate on Gibbs
variable selection introduced by Dellaportas et al. (2000, 2002) with independent
prior distributions. Extension to other Gibbs samplers such as George and Mc-
Cullogh (1993) SSVS and Kuo and Mallick (1998) sampler is straightforward; see
for example in Dellaportas et al. (2000). Finally, application of Carlin and Chib
(1995) algorithm is also illustrated using BUGS by Spiegelhalter et al. (1996c¢).

* Journal of Statistical Software, Volume 7, Issue 7, available from www.jstatsoft.org

The paper is organised into three sections additional to this introductory one. Sec-
tion 2 briefly describes the general Gibbs variable selection algorithm as introduced
by Dellaportas et al. (2002), Section 3 provides detailed guidance for implementa-
tion in BUGS and finally Section 4 presents three illustrated examples.

2 Gibbs Variable Selection

Many statistical models may be represented naturally as (s,v) € S x {0,1}?, where
the indicator vector « identifies which of the p possible sets of covariates are present
in the model and s denotes other structural properties of the model. For example,
for a generalised linear model, s may describe the distribution, link function and
variance function, and the linear predictor may be written as

P
n=> 1X;B M
j=1

where X ; is the design matrix and 3; the parameter vector related to the jth term.
In the following, we restrict attention to variable selection aspects assuming that s
is known and we concentrate on the estimation of the posterior distribution of ~.

We denote the likelihood of each model by f(y|3,~) and the prior by f(83,v) =
F(BIY)f(), where f(B|7) is the prior of the parameter vector 8 conditional on the
model structure 4 and f(v) is the prior of the corresponding model. Moreover, 3
can be partitioned into two vectors ,G,y and 'G\’Y corresponding to parameters of
variables included or excluded from the model. Under this approach the prior can
be rewritten as

F(B7) = f(B V) (B\y|By: 1) f(7)

while, since we are using the linear predictor (1), the likelihood can be simplified to

fWIB,7) = f(ylBy.7)-

From the above it is clear that the components of the vector ,8\7 do not affect the
model likelihood and hence the posterior distribution within each model + is given
by

B, y) = F(Bylv.y) x f(B\y]B~.7)

where f(,@7|'y, y) is the actual posterior of the parameters of model v and
f(B\y1B~:7,y) is the conditional prior distribution of the parameters not included
in the model 4. We may now interpret f (ﬁ,y\'y) as the actual prior of the model
while the distribution f (ﬂ\,y\ ﬂ,y, ~) may be called as ‘pseudoprior’ since the param-
eter vector B\~ does not gain any information from the data and does not influence
the actual posterior of the parameters of each model, f(,@.y\'y,y). Although this
pseudoprior does not influence the posterior distributions of interest, it influences
the performance of the MCMC algorithm and hence it should be specified with
caution.

The sampling procedure is summarised by the following steps:

1. We sample the parameters included in the model by the posterior

f(:@'ylﬁ\'y»'Ys y) < f(ylB, 'Y)f(ﬂ'yh)f(ﬁ\'yl,@'yv v) 2




2. Sample the parameters excluded from the model from the pseudoprior
(BB, 7, y) < f(B\y]By,7) ®3)

3. Sample each variable indicator ; from a Bernoulli distribution with success
probability O;/(1 + O;); where O; is given by

0,

_JWIBy =1 vy) FBly =17y) fi=17) 4
7 . (4)

~ fWIB =0,my) Bl =0,7y) F( =0,m;)

The selection of priors and pseudopriors is a very important aspect in model selec-
tion. Here we briefly present the simplest approach where f(3|v) is given a product
of independent prior and pseudoprior densities: f(8|y) = Hé’:l f(B,17;). In such
case, a usual and simple choice of f(B3;]7;) is given by

FBjlv;) = (L= f(Bylv; = 0) + 7 f(Bjlv; = 1) (5)

resulting to actual prior distribution f(ﬂ’y\’)’) = H%:l f(B;lv;) and pseudoprior
f(/@\'y‘ﬁ'y:’)’) = Hw:() f(le‘Yj)'

Note that the above prior can be efficiently used in any model selection problem
if we orthogonalize the data matrix and then perform model choice using the new
transformed data (see Clyde et al. , 1996). If orthogonalization is undesirable
then we may need to construct more sophisticated and flexible algorithms such as
reversible jump MCMC; see Green (1995) and Dellaportas et al. (2002).

The simplified prior (5) and model formulation such as (1), result in the following
full conditional posterior

o - S BB = 1) %=1
$18,7:8,09) < S8 TL st o { TV EHETL =0 70 2 0

(6)
indicating that the pseudoprior, f(83;]v; = 0) does not affect the posterior distri-
bution of each model coefficient.

Similarly to George and McCulloch (1993), we use a mixture of Normal distribution
for model parameters.

f(Bjl; =1) = N(0,%;) and f(Bjl; = 0) = N(i;,5;)- (7)

The hyperparameters fi; and S; are parameters of the pseudoprior distribution;
therefore their choice is only relevant to the behaviour of the MCMC chain and
do not affect the posterior distribution. Ideal choices of these parameters are the
maximum likelihood or pilot run estimators of the full model (as, for example, in
Dellaportas and Forster, 1999). However, in the experimental process, we noted
that an automatic selection of fi; = 0 and S; = ;/k? with k = 10 has also been
proven an adequate choice; for more details see Ntzoufras (1999). This ‘automatic
selection’ uses the properties of the prior distributions with ‘large’ and ‘small’ vari-
ance introduced in SSVS by George and McCulloch (1993). The parameter k is
now only a pseudoprior parameter and therefore it does not affect the posterior
distribution. Suitable calibration of this parameter assists the chain to move better
(or worse) between different models.

The prior proposed by Dellaportas and Forster (1999) for contingency tables, is also
adopted here for logistic regression models with categorical explanatory variables
(see Dellaportas et al. , 2000). Alternatively, for generalized linear models, Raftery
(1996) has proposed to select the prior covariance matrix using elements from the
data matrix multiplied by a hyperparameter. The latter was selected in such way
that the effect of the prior distribution on the posterior odds becomes minimal.

‘When no restrictions on the model space are imposed then a common prior for the
term indicators -y, is f(v;) = Bernoulli (1/2), whereas in other cases (for example,
hierarchical or graphical log-linear models) it is required that f(v; '7\]) depends on
7\;; for more details see Chipman (1996) and Section 3.4.

Other Gibbs samplers for model selection have also been proposed by George and
McCulloch (1993), Carlin and Chib (1995) and Kuo and Mallick (1998). Detailed
comparison and discussion of the above methods is given by Dellaportas et al. (2000,
2002). Implementation of Carlin and Chib methodology in BUGS is illustrated by
Spiegelhater et al. (1996¢, page 47) while an additional simple example of Gibbs
variable selection methods is provided by Dellaportas et al. (2000).

3 Applying Gibbs Variable Selection Using
BUGS

In this section we provide detailed guidance for implementing Gibbs variable selec-
tion using BUGS software. It is divided into four sub-sections involving the defi-
nition of the model likelihood f(y|3, ), the specification of the prior distributions
f(Blv) and f(v), and, finally, the direct calculation of posterior model probabilities
using BUGS.

3.1 Definition of likelihood

The linear predictor of type (1) used in Gibbs variable selection and Kuo and Mallick
sampler can be easily incorporated in BUGS using the following code

for (i in 1:N) { for(j in 1:p) {z[i,jl<-x[i,jl*b[jl*gl[jl}}
for (i in 1:N) {

etali] <-sum(z[i,]) ;

y[il~distribution [ parameterl, parameter2 ] }

where

e N denotes the sample size,

e p the number of total variables under consideration,

e x[i,j] is the i, j component of the data or design matrix X,
e y[i] is i element of the response vector y,

e b[j] is the j element of the parameter vector 3,




glj] is the inclusion indicator for j element of ~,

e z[i,j] is a matrix used to simplify calculations,

etali] is the ¢ element of linear predictor vector n and should be substituted
by the corresponding link function, for example logit(p[i]) in binomial
logistic regression,

distribution should be substituted by appropriate BUGS command for the
distribution that the user prefers (for example dnorm for normal distribution),

parameterl,parameter2 should be substituted according to distribution cho-
sen, for example for the normal distribution with mean j; and variance 771

we may use mu[i], tau.

For the usual normal, binomial and Poisson models the model formulations are
given by the following lines of BUGS code

Normal: for (i in 1:N) { muli] <- sum(z[i,]) ;
y[il~“dnorm (mulil, tau) }
where mu[i] is the expected value for the ith observation and tau is the
precision of the regression model.

Poisson: for (i in 1:N) { log(lambdalil]) <- sum(z[i,]);
y[i] ~ dpois(lambdal[il)}

where lambda[i] is the Poisson mean for the ith observation.

Binomial: for (i in 1:N) { logit(p[i]) <- sum(z[i,]);

y[i] ~ dbin(pl[il, nl[il)}

where p[i] is the probability of success and n[i] is the total number of
Bernoulli trials for the ith binomial experiment. Alternative link functions
maybe used by substituting logit (p[il) by probit (p[il) or cloglog(p[il)
for ®~1(p) and log(—log(1 — p)); where @ is the standardised normal cumu-
lative distribution function.

3.2 Definition of Prior Distribution of Parameter Vector

When we use independent priors as given by (5) and each covariate parameter vector
is univariate, the definition of the prior is straightforward. Our prior is a mixture
of independent normal distributions

Bi ~ N0, %)) + (L= )N (i, 85)s 5 =1,2,....p ®)

where fij, S; are the mean and variance respectively used in the corresponding
pseudoprior distributions and X; is the prior variance, when the j term is included
in the model. In order to use (8) in BUGS we write

® b[jl~dnorm( bpriorm[j], tprior[j]) denoting 3; ~ N(m;, 'rj’l),

e bpriorm[j] < — (1-gl[jl)*mean(j] denoting m; = (1 —~;)fi;,

e tprior[j] < — gljl*t[jl+(1-g[jl)*pow(sel[jl,-2) denoting 7; = (1 —
WS+

for j =1,2,...,p; where m; and 7; are the prior mean and precision for 3; depend-
ing on 1; and t[j], selj], mean[j], bpriorm[j], tprior[j] are the BUGS
variables for E;l, \/Sj, Iij, m; and 7;, respectively.

When we consider a categorical explanatory variable j with J > 2 categories then
the corresponding parameter vector ,@j will be multivariate with dimension d; =
J — 1. In such cases we denote by p and d(> p) the dimensions of 4 and the full
parameter vector 3, respectively. Therefore, we need one variable to facilitate the
association between these two vectors. This vector is denoted by the BUGS variable
pos. The pos vector, which has dimension equal to the dimension of 3, takes values
from 1,2, ..., p and denotes that kth element of the parameter vector 3 is associated
with the 7,,s, binary indicator for all k =1,2,...,d.

For illustration, let us consider an ANOVA model with two categorical variables X;
and Xo with 3 and 4 categories respectively. Then, the terms under consideration
are Xg, X1, Xs and Xyo; where X denotes the constant term and X, the inter-
action between the terms X; and X,. The corresponding dimensions are dx, = 1,
dx, =2,dx, =3 and dx,, = dx, X dx, = 6. Then, we set the pos vector equal to
pos <- ¢ (1, 2,2, 3,3,3, 4,4,4,4,4,4)
to state that the first parameter corresponds to the first term (Xj), parameters 2-3
correspond to the second term (Xi), parameters 4-6 correspond to the third term
(X») and parameters 7-12 correspond to the fourth term (Xj5). Finally, we use
another vector called gtemp of dimension d which is given by
gtemp[i] <- gl pos[i] 1]

for all i = 1,...,d. The vector gtemp is used in the likelihood instead of the g
vector. For details see example 1 and the associated BUGS code in the Appendix.

Moreover, the definition of the prior distribution when factors or terms with many
parameters are considered is more complicated. For example a mixture of multi-
variate normal prior distributions as given by (5) can be expressed as a multivariate
normal distribution on the ‘full’ parameter vector 3. Therefore we may write in
BUGS

e b[ ] ~ dmnorm( bpriorm[ 1, Taul,]) denoting B ~ Ny(m, T~ %),
e bpriorm[k]< —(1-glpos[k]1)*mean[k] denoting mi = (1 — Ypos, )ik

e Taulk,1] < — glpos[k]]l*glpos[1]]*t[k,1]+
+(1-glpos[k]]*gl[pos[1]])*equals(k,1)*pow(se[k],-2) denoting that

(7w when Ypos, = Ypos, = 1

Ty = se,;2 when k =1 & vpos, =0 for k,1=1,2,...,4d;
0 otherwise
where N, is the d-dimensional normal distribution; m” = (my,ma,...,my) and T

are the prior mean vector and precision matrix depending on ~; fiy, is the corre-
sponding pilot run estimate for k element of model parameter vector @; X is the
constructed prior covariance matrix for the whole parameter vector 3 when we use
for each B; the multivariate extension of prior distribution (8); 7, and (=Y is




the k row and I column elements of T and ™! matrices respectively; and Tau[,],
t[,] are the BUGS matrices for T and £, respectively. An illustration of usage
of such prior distribution is given in example 1.

3.3 Implementation of Other Gibbs Samplers for Variable
Selection

SSVS and Kuo and Mallick sampler can easily be applied with minor modifications
in the above code. In SSVS the prior (8) is used with fi; = 0 and S; = %;/k?,
where ka should be large enough in order that 3; will be close to zero when ; = 0.
For selection of the prior parameters in SSVS see semiautomatic prior selection of
George and McCulloch (1993). The above restriction can easily be applied in BUGS
by

bpriorm[j] <- 0

tprior[j1 <- t[jl*gl[jl+(1-g[31)*t [j]1*pow(k[3j],2)

Moreover, the likelihood in SSVS should be slightly modified by substituting the
first line of the code in Section 3.1 with

for (i in 1:N) { for (j in 1:p) { z[i,jl<-x[i,jI*b[jI1}}.

Kuo and Mallick sampler uses prior on 3 that does not depend on model indicator
7. Therefore the specification of the prior is the same as in simple modelling using
BUGS. Moreover, the likelihood definition is the same as in Gibbs variable selection
described in Section 3.1.

3.4 Definition of Prior Term Probabilities

In order to apply any variable selection method in BUGS we need to define the prior
probabilities f(v). When we are vague about models we may set f(v) = 1/M, where
M is the number of all models under consideration. When the explanatory variables
do not involve interactions (for example in linear regression) then the number of
models under consideration is 2P. In these situations the latent variables v; can be
treated as a — priori independent and therefore set in BUGS

e g[jl ~ dbern(0.5) denoting that v; ~ Bernoulli(0.5).

for all j = 1,2,...,p. This prior results to f(v) = 277 for all v € {0,1}?. When
we are dealing with models using categorical explanatory variables with interaction
terms, such as ANOV A or log-linear models, we usually want to restrict attention to
hierarchical models. The conditional distributions of f('y]\'y\j) need to be specified
in such way that f(v) = 1/M when = is referring to hierarchical model and f(v) = 0
otherwise.

For example, in a two way ANOV A we have three terms under consideration; the
main effects A,B and the interaction AB. All possible models are eight, while the
hierarchical ones are only five (constant, [A], [B], [A][B] and [AB]). Therefore, we
wish to specify f(v) = 0.20 for the above five models and f(y) = 0 for the rest.
This can be applied by setting in BUGS

e g[3] ~ dbern(0.2) denoting that yap ~ Bernoulli(0.2).
e pi < — g[3]1+0.5(1-g[3]) denoting that 7 = yap + 0.5% (1 — yap),
e for (i in 1:2) { g[j] ~ dbern(pi) } denoting that for all i € {A, B},

Yilvap ~ Bernoulli(r).

From the above it is evident that

F(AB)) = f(yap=1f(va=1vap=1)f(ys =1llyap =1)
02x1x1=02,

F([AI[B]) f(vaB =0)f(ya = llvap = 0)f(y8 = 1|yaB = 0)

0.8x05x05=02.

Using similar calculations we find that f(vy) = 0.2 for all five models under consid-
eration. For further relevant discussion and application see Chipman (1996). For
implementation in BUGS see examples 1 and 3.

3.5 Calculating Model Probabilities in Bugs

In order to directly calculate the posterior model probabilities in BUGS and avoid
saving large MCMC output we may use matrix type variables with dimension equal
to the number of models. Using a simple coding such as 1+ Xp: 77271 we transform
=1

the vector v in a unique, for each model index (noted by rndlg for which pmdl [md1]=1
and pmd1 [j]1=0 for all j # md1l. The above statements can be written in BUGS with
the code

for (j in 1:p) { index[j] < — pow(2,j-1) }

mdl < — 1+inprod(gl ], index[ 1)

for (m in 1:mdl) { pmdl[m] < — equals(m,mdl) }
Then using the command stats(pmdl) in BUGS environment (or cmd file) we can
monitor the posterior model probabilities. This is feasible only if the number of
models is limited and therefore applicable only in some simple problems.

4 Examples

The implementation of three illustrated examples are briefly presented. The first
example is a 3 x 2 x 4 contingency table used to illustrate how to handle factors
with more than two levels. Example 2 provides model selection details in a regres-
sion type problem involving many different error distributions while example 3 is
a simple logistic regression problem with random effects. In all examples posterior
probabilities are presented while the associated BUGS codes are provided in the
appendix. Additional details (for example, convergence plots) are omitted since our
aim is just to illustrate how to use BUGS for variable selection.




4.1 Example 1: 3 x 2 x 4 Contingency Table

This example is a 3 x 2 x 4 contingency table presented by Knuiman and Speed
(1988) where 491 individuals are classified by three categorical variables: obesity
(O: low,average,high), hypertension (H: yes,no) and alcohol consumption (A: 1,1
2,3-5,6+ drinks per day); see Table 1.

Alcohol Intake

Obesity | High BP | 0 12 35 6+
Low Yes 5 9 8 10
No 40 36 33 24

Average Yes 6 9 1 14
No 33 23 35 30

High Yes 9 12 19 19
No 24 25 28 29

Table 1: 3 x 2 x 4 Contingency Table: Knuiman and Speed (1988) Dataset.

The full model is given by
nag ~ Poisson(Ni), log(Auk) = m~+ o0; + hy + ap + ohy + oar, + hag, + ohaiy,

for ¢ = 1,23, 1 = 1,2, k = 1,2,3,4. The above model can be rewritten
with likelihood given by (1) where 8 can be divided to ,@j sub-vectors with j &
{0,0,H,0H, A,0A, HA,OHA}; where By = m, B4 = [02,03), Bu = ha, 85y =
[ohaa, 0hs2], Bh = [az,a3,a4], Bha = [0az2, 0a23,0a32,0033), Bl = [haze, hass)
and ,BgHA = [ohagaz, 0hases, ohagas, ohasss]. Each ,@] is a multivariate vector and
therefore each prior distribution involves mixture multivariate normal distributions.
We use sum-to-zero constraints and prior variance X; as in Dellaportas and Forster
(1999). We restrict attention in hierarchical models including always the main ef-
fects since we are mainly interested for relationships between the categorical factors.
Under these restrictions, the models under consideration are nine (9). In order to
forbid moves to non hierarchical models we use the following BUGS code to define
the prior model probabilities:

e g[8] ~ dbern(0.1111) for yopa ~ Bernoulli(1/9).

e pi < — gl[8]+0.5%(1-g[8]) for m = yomua + 0.5 % (1 —yoma),

e for (i in 5:7) { gljl~dbern(pi) } for v;lvoma ~ Bernoulli(r) for all
i {OH,0A, HA},

e for (j in 1:4) { gl[jl ~ dbern(1) } for v; ~ Bernoulli(1l) for all i €
{constant, O, H, A}.

These priors result to prior probability for all hierarchical models equal to 1/9 and
zero otherwise.

Results using both pilot run pseudoprior and automatic pseudoprior with k& = 10
are summarised in Table 2. The data give ‘strong’ evidence in favour of the model

Posterior Model Probabilities (%)
Pseudopriors k=10 Pilot Run
Burn-in 1,000 10,000 | 1,000 10,000
Tterations 1,000 10 x 10,000 | 1,000 10 x 10,000
Models
[O][H][A] 62.80 68.87 | 65.20 67.80
[OH][4] 36.90 30.53 | 34.40 31.63
[O][HA] 0.20 0.40 | 0.10 0.43
[OH|[HA] 0.10 0.20 | 0.30 0.14
Terms
You =1 37.00 30.63 | 34.70 31.77
YHa =1 0.30 0.20 | 0.40 0.57

Table 2: 3 x 2 x 4 Contingency Table: Posterior Model Probabilities Using BUGS.

of independence. Model [OH][A], in which obesity and hypertension are depending
on each other given the level of alcohol consumption, is the model with the second
highest posterior probability. All the other models have probability lower than 1%.

4.2 Example 2: Stacks Dataset

This example involves stack-loss data analysed by Spiegelhalter et al. (1996b, page
27) using the Gibbs sampling. The dataset features 21 daily responses of stack loss
(y) which measures the amount of ammonia escaping with covariates the air flow
(z1), temperature (x2) and acid concentration (z3). Spiegelhalter et al. (1996b)
consider regression models with four different error structures (normal, double ex-
ponential, logistic and Student’s ¢4 distributions). They also consider the cases of
ridge and simple independent regression models. We extend their work by applying
Gibbs variable selection on all these eight cases.

The full model will be
Yi ~ D(Hu")v i = Bo + Bizin + Bazio + P32z, 1 =1,...,21

where D;(p;, 7) is the distribution of the errors with mean p; and variance 7=1 which
here is assumed to be normal, or double exponential, or logistic or t4; where z;; =
(xij — x;)/sd(x;) are the standardised covariates. The ridge regression approach
assumes a further restriction that the j3; for j = 1,2,3 are exchangable (Lindley
and Smith, 1972) and therefore we have 3; ~ N(0,¢~1). We use ‘non-informative’
priors with prior precision equal to 10~3 for the independent regression and for ¢
in ridge regression we use gamma prior with parameters equal to 10~3. Since we do
not wish to apply any restriction on the model space we use the prior probabilities
v; ~ Bernoulli(1/2) for j = 1,2,3 which results to prior probability of 1/8 for
all possible models. For the pilot run pseudoprior parameters we use the posterior
values as given Spiegelhalter et al. (1996D).

Tables 3 and 4 provide the results from all eight distinct cases using pilot run
pseudopriors. In all cases flow of air (z;) has posterior probability of inclusion
higher than 99%. The temperature (22) seems to be also an important term with
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posterior probability of inclusion varying from 39% to 96%. The last term (z3) which
measures the acid concentration in air has low posterior probabilities of inclusion
which are less than 5% for simple independence models and less than 20% for ‘ridge’
regression models.

Independence Regression

Models Normal | D.Exp. | Logistic ty
Constant 0.00 0.00 0.00 0.00
21 14.12 58.48 41.19 | 56.46
22 0.56 0.01 0.02 0.00
21+ 22 81.25 38.64 55.25 | 40.46
z3 0.00 0.00 0.00 0.00
21+ 23 0.63 1.75 1.35 1.82
22+ 23 0.05 0.00 0.00 0.00
21+ 22+ 23 3.39 1.11 2.18 1.26
Terms

Yoy =1 99.30 99.98 99.97 | 100.00
Vap =1 84.90 39.76 57.45 | 41.72
Vag =1 4.30 2.86 3.53 3.08

Table 3: Stacks Dataset: Posterior Model Probabilities in Independence Regression
(burn-in 10,000, samples of 10 x 10, 000, with pilot run pseudopriors).
Ridge Regression

Models Normal | D.Exp. | Logistic ty
Constant 0.00 0.00 0.00 0.00
21 3.26 22.54 14.42 13.30
) 0.05 0.00 0.00 0.00
21+ 22 79.79 65.00 73.32 70.92
23 0.00 0.00 0.00 0.00
z1+ 23 0.44 1.74 1.32 1.86
2o+ 23 0.00 0.00 0.00 0.00
21+ 20+ 23 16.46 10.72 11.01 13.92
Terms

Yz =1 100.00 | 100.00 100.00 | 100.00
Vay =1 96.50 75.72 84.33 | 84.84
Vaz =1 16.10 12.46 12.33 15.78

Table 4: Stacks Dataset: Posterior Model Probabilities in Ridge Regression (burn-in
10,000, samples of 10 x 10,000, with pilot run pseudopriors).

4.3 Example 3: Seeds Dataset, Logistic Regression with Ran-
dom Effects

This example involves the examination of a proportion of seeds that germinated
on 21 plates. For these 21 plates we have recorded the seed (bean or cucumber)
and the type of root extract. This data set is analysed by Spiegelhalter et al.
(1996b, page 10) using BUGS; for more details see references there in. The model
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is a logistic regression with 2 categorical explanatory variables and random effects.
The full model will be written

Yitk ~ Bin(na, puk), log (117#;) =m+a; + b + aby + wy,
= Pilk
fori,l =1,2and k = 1,...,21; where y;;x and n;, is the number of seeds germinated

and total number of seeds respectively for i seed, I type of root extract and k plate;
wy, is the random effect for the k plate.

We use sum-to-zero constraints for both fixed and random effects. Following Della-
portas and Forster (1999) we use prior variance for the fixed effects ¥ = 4 x 2. The
prior for the precision of the random effects is considered to be a gamma distribu-
tion with parameters equal to 1073, The pseudoprior parameters were taken from
a pilot chain of the saturated model. The models under consideration are ten. The
prior term probabilities for the fixed effects are assigned similarly as in the example
for two-way ANOVA models. For the random effects term indicator we have that
Yw ~ Bernoulli(0.5).

Fixed Effects || Random Effects
Models k=10 | Pilot || k=10 Pilot
Constant | 0.00 | 0.00 1.21 0.99
[A] 0.00 | 0.00 0.22 0.07
[B) 32.34 | 32.07 || 50.61 50.75
[4][B] 378 | 384 | 7.24 7.60
[AB] 280 | 2.83 || 1.80 1.85
Total 38.92 | 38.74 || 61.08 61.26

Table 5: Seeds Dataset: Posterior Model Probabilities Using BUGS (burn-in 10,000,
samples of 10 x 10,000).

Table 5 provides the calculated posterior model probabilities. We used both pilot
run proposals and automatic pseudoprior with k& = 10. Both chains gave the same
results as expected and the type of root extract (B) is the only factor that influences
the proportion of germinated gems. The corresponding models with random and
fixed effects have posterior probability equal to 51% and 32%, respectively. The
marginal posterior probability of random effects is 61% which is about 56% higher
than the posterior probability of fixed effects models.
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5 Appendix: BUGS Codes

Bugs code and all associated data files are freely available in electronic form at
the Journal of Statistical Software web site www.jstatsoft.org/v07/i07/ or by

electronic mail request.

5.1 Example 1

model log-linear;
#

#
#
#
#

const
terms=8, # number of terms
N = 24; # number of Poisson cells

var

3x2x4 LOG-LINEAR MODEL SELECTION WITH BUGS (GVS)
(c) OCTOBER 1996
(c) REVISED OCTOBER 1997

include, # conditional prior probability for gi

pmd1[9], # model indicator vector

mdl, # code of model

b[N], # model coefficients

mean [N], # proposal mean used in pseudoprior

se[N], # proposal standard deviation used in
# pseudoprior

bpriorm[N], # prior mean for b depending on g
Tau[N,N], # model coefficients precision
tprior[N,N],# prior value for Tau when all terms

# are included in model

x[N,N], # design matrix

z[N,N], # matrix with z_ij=x_ij b_j g_j, used in
# likelihood

n[N], # Poisson cells

pos[N], # position of each parameter

lambda[N], # Poisson mean for each cell

gtemp[N], # temporary term indicator vector

glterms]; # term indicator vector

data pos,n in "ex2.dat", x in ’ex2des.dat’,

mean, se in ’prop2.dat’, tprior in ’cov.dat’;

inits in "ex2.in";

{
#
#
#

H o

associate g[i] with coefficients.

for (i in 1:N) {
§temp [i]1<-glpos[ill;

calculation of the z matrix used in likelihood

for (i in 1:N) {
for (j in 1:N) {
s z[i,j1<-x[i,j1*b[jl*gtemp[j]

}

model configuration

for (i in 1:N) {
log(lambda[i])<-sum(z[i,])
g[i]”dpois(lambda[i]);

defining model code
0 for independence model [A][B][C], 1 for [AB][C],
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HHHH H o H

H o H

HHHH H HHEHTHFEHERRERHER

HHEHFEHRH

2 for [AC][B], 3 for [AB][AC], 4 for [BC][A],
5 for [AB][BC], 6 for [AC][BC], 7 for [AB][BCI],
15 for [ABC].

md1<-g[5]+2*g[6]+4*g[7]+8*g[8];
for (i in 0:7) {

pmdl [i+1]<-equals(mdl,i)
pmd1[9]<-equals(mdl,15)

Prior for b model coefficient
Mixture normal depending on current status of g[i]

for (i in 1:N) { for (j in 1:N) {

GVS using se,mean from pilot run
*okk

Tauli, j]<-O+tprior[i,jl*(gtemp[i]*gtemp[j])+
(1-gtemp[i]l*gtemp[j]1) *equals(i,j)/(se[il*sel[il);

Automatic proposal using prior similar to SSVS
with k=10

Tauli, jl<-tprior[i,jl*pow(100,1-gtemp[i]*gtemp[j]);

Kuo and Mallick proposal is independent of g[i]
[tau[i]l=1/2 and bpriorm[i]=0]

*okok

Tauli, jl<-tpriorl[i,jl;

GVS PRIOR M FROM PILOT RUN

bpriorm[i]<-mean[i]*(1-gtemp[il);

PRIOR M FOR THAT DOES NOT DEPEND ON G.

N bpriorm[i]<-0.0;
b[]~dmnorm(bpriorm[],Taul,]);

defining prior information for gi to

allow only hierarchical models with equal probability.
We also ignore models nested to the model of
independence [A][B][C] since we are interested in
associations between factors.
g[8]~dbern(0.1111111);
include<-(1-g[8])*0.5+g[8]*1.0;
gl[7]~dbern(include);

g[6] “dbern(include) ;

g[5]~dbern(include);

for (i in 1:4) {

N gli]l~dbern(1.0);
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5.2 Example 2

model stacks;

# LINEAR REGRESSION VARIABLE SELECTION WITH BUGS (GVS)
# BUGS EXAMPLE: STACKS, see BUGS examples vol.1l
#
# (c) OCTOBER 1997
const
p =3, # number of covariates
N =21, # number of observations
models=8, # number of models under consideration 278
PI = 3. 141593;
var
x[N,pl, # raw covariates
z[N,p] , # standardised covariates
Y([N],mu[N], # data and expectations
stres[N], # standardised residuals
outlier[N], # indicator if |stan res| > 2.5
betal,betalp], # standardised intercept, coefficients
b0,blp], # unstandardised intercept, coefficients
phi, # prior precision of standardised coef.
tau,sigma,d, # precision, sd and d.f. of t distribution
glpl, # variable indicators
mdl, # Model index
pmdl [models], # Vector with model indicators
mean[p] ,selp], # pseudoprior mean and se error
bprior[p], # Conditional to model Prior prior mean
tprior[p]; # Conditional to model Prior prior precision

data Y,x in "STACKS.DAT",

# files with proposed values

mean,se in ’pnorm.dat’; # Normal distribution

#mean,se in ’pdexp.dat’; # Double exponential distribution
#mean,se in ’plogist.dat’;# Logistic distribution

#mean,se in ’ptd.dat’; # Student(4) distribution

%nits in "STACKS.IN";

# Standardise x’s and coefficients
for (j in 1:p) {
blj] <- betaljl/sd(x[,j1) ;
for (i in 1:N) {
z[i,j] <= (x[i,j] - mean(x[,j1))/sd(x[,jl) ;

}
b0<-betalO-b[1]*mean(x[,1])-b[2] *mean(x[,2])-b[3]*mean(x[,3]);

# Model
d <- 4; # degrees of freedom for t
for (i in 1:N) {

Normal Distribution

H HH

Double Exponential Distribution

Y[i]l ~ ddexp(mulil,tau);

Logistic Distribution

Y[i] ~ dlogis(mulil,tau);

Student t4 Distribution

HHEHTEHHEHEH R
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HHEHEHFEHERR
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e HHEHHHHR

Y[i] ~ dt(mu[i],tau,d);

mu[i] <- betal + gl[i]xbetal[1]*z[i,1]+g[2]*betal2]*z[i,2]
+ gl[3]*betal[3]*z[1i,3];
stres[i] <- (Y[i] - mu[i])/sigma;

if standardised residual is greater than 2.5 then outlier
outlier[i]<-step(stres[i] -2.5) + step(-(stres[i]+2.5) );

Defining Model Code
mdl<- 1+g[1]*1+g[2]*2+g[3]*4

defining vector with model indicators
for (j in 1:models){
pmdl[j]l<-equals(mdl,j);}

Priors

beta0 ~ dnorm(0,.00001);

for (j in 1:p) {

sxkkxkkx GVS PRIORS FOR INDEPENDENCE REGRESSION sk
GVS priors with proposals from pilot run
bprior[j1<-(1-gl[jl)*mean(jl;
tprior[j1 <-gl[j1*0.001+(1-g[j1)/(seljI*se[jl);
GVS priors w1th proposals a mixture of Normals(0,c”2t"2)
bprior[j]<-0.0
tprior[j] <- pow(loo 1-g[j1)*0.001;
soxkkkokkk GVS PRIORS FOR RIDGE REGRESSION sokkskskoksks
GVS priors with proposals from pilot run
bprior[jl<-(1-g[jl)*mean[j]l;
tprior[j] <-gljl*phi+(1- g[J])/(se[J]*se[J])
GVS priors with proposals a mixture of Normals(0,c"2t"2)
bprior[j]<-0.0;
tprior[j] <- pow(loo 1-g[j1) *phi;
betalj] ~ dnorm(bprior[j],tprior[j]l); # coefs independent
}

tau ~ dgamma(1l.0E-3,1.0E-3);
phi ~ dgamma(1.0E-3,1.0E-3);
when we use pilot run based pseudopriors bugs was unable
to select update method. Therefore we use an upper limit

which makes bugs work with Metropolis instead Gibbs

phi ~ dgamma(1.0E-3,1.0E-3)I(0,10000);
standard deviation of error distribution

sigma <- sqrt(1/tau); # normal errors

sigma <- sqrt(2)/tau; # double exponential errors
sigma <- sqrt(pow(PI,2)/3)/tau ; # logistic errors

sigma <- sqrt(d/(tau*(d-2))); # errors of t with d d.f.

Priors for variable indicators
for (j in 1:p) { gl[jl~ dbern(0.5);}
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5.3 Example 3

model seedszrogvs;

LOGISTIC REGRESSION VARIABLE AND
RANDOM EFFECTS SELECTION WITH BUGS (GVS)

BUGS EXAMPLE: SEEDS, see BUGS examples vol.1l

terms=4, # Number of terms under consideration
models=16,# number of models under consideration 274

#
#
#
#
#
#
# (c) OCTOBER 1997
#
const
N = 21; # number of samples
var

alphaO, alphal, alpha2, alphal2, # model coefficients

tau, sigma,
x1[N], x2[N],

p(N],
n[N],

include,

glterms],

mdl,

pmdl [models],
mean[terms-1],
se[terms-1],
bprior [terms-1] ,#
tprior [terms-1] ;#

o

—_

=

=
HHEAHAHEEH AR HERR

variance of random effects (tau=1/sigma)
Design Column for factor al and a2
here we used the STZ constraints
Success probability for Binomial

Total number of trials for Binomial
Binomial data

Random effects (standardised)

Random effects c[i] (unstandardised)
conditional model probability for
main effects

terms indicator vector

model index

model indicator

proposal mean

proposal se

prior mean for model coefficients
prior precision for model coefficients

data r,n,x1,x2 in "seeds.dat", mean,se in ’prop6.dat’;

inits in "seeds.in";

alphaO ~ dnorm(0.0,1.0E-6); # intercept

for (j in 1:(terms-1)) {

H

bprior[j]l<-(1-

sxkkkkkk GUS PRIORS sskkkskkskskkskk

GVS priors with proposals from pilot run

gl[j1)*mean(j];

tprior[j] <-gljl/8+(1- g[J])/(se[J]*se[J])

bprior[j]<-0.0

H* 3 HoHH

GVS priors w1th proposals a mixture of Normals(0,c"2t"2)

tprior[j] <- pow(lOO 1-g[j1)/8;
}

alphal ~ dnorm(bprior([1],tprior[1]); # seed coeff
alpha2 ~ dnorm(bprior[2],tprior[2]); # extract coeff
alphal2 ~ dnorm(bprior[3],tprior([3]);

for (i in 1:N) {

c[i]l ~ dnorm(O0.

tau ~ dgamma(1l.0E-3,1.0E-3); # 1/sigma”2
0,tau);
mean(c[]); # make sure b’s add to zero

bli] <- c[i] -

logit(p[i]) <-alphaO+g[1]*alphal#*x1[i]+g[2]*alpha2*x2[i]

+g[3]*alphal2*x1[i]*x2[i]l+g[4]1*b[i];

r[i] ~ dbin(p[il,n[il);
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sigma <- 1.0/sqrt(tau);

Defining Model Code
mdl<- 1+g[1]*1+g[2]*x2+g[3] *x4+g[4]*8

H H =

defining vector with model indicators
for (j in 1:models){
pmdl[jl<-equals(mdl,j);}

# Priors for variable indicators

gl[4]~ dbern(0.50);

g[3]~ dbern(0.20);
include<-g[3]+(1-g[31)*0.5

gl[2]~ dbern(include);

gl1l~ dbern(%nclude);
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