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6… ΑΠΛΟΙ ΕΛΕΓΧΟΙ ΥΠΟΘΕΣΕΩΝ
6.1. Εισαγωγή: Εκ-των-Υστερων Λόγος 
Πιθανοτήτων των Μοντέλων

Ξαναγυρίζουµε στο Παράδειγµα της Εστριόλης
Green & Touchston (1963, Am.Jour. Of Obsterics
& Gynecology)
Μελέτη σχέσης 

Y : Βάρος γέννησης (birthweight) ενός παιδιού
X : Επίπεδο εστριόλης (estriol) των εγκύων γυναικών

Υi ~ Normal(µi, σ2)
µi=ηi=α+βΧi
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6… ΑΠΛΟΙ ΕΛΕΓΧΟΙ ΥΠΟΘΕΣΕΩΝ 
6.1. Εισαγωγή: Εκ-των-Υστερων Λόγος 
Πιθανοτήτων των Μοντέλων

Ξαναγυρίζουµε στο Παράδειγµα της Εστριόλης

Μας ενδιαφέρει να ελέγξουµε την υπόθεση
H0: β=0 vs. H1 β ≠0

Το οποίο ειναι ισοδύναµο µε τη σύγκριση των 
µοντέλων

m0 :   Y~N( α, σ2 ) 
m1 :   Y~N( α+βΧ, σ2 )

6… ΑΠΛΟΙ ΕΛΕΓΧΟΙ ΥΠΟΘΕΣΕΩΝ 
6.1. Εισαγωγή: Εκ-των-Υστερων Λόγος 
Πιθανοτήτων των Μοντέλων

Εκ-των-Υστέρων Λόγος Πιθανοτήτων (Posterior 
Model Odds) του µοντέλου m0 έναντι του 
µοντέλου m1:
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Β01: Bayes Factor
(Παράγοντας Bayes)

Prior Model Odds
(Εκ-των-Προτέρων Λόγος 
Πιθανοτήτων των Μοντέλων)
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6… ΑΠΛΟΙ ΕΛΕΓΧΟΙ ΥΠΟΘΕΣΕΩΝ 
6.1. Εισαγωγή: Εκ-των-Υστερων Λόγος 
Πιθανοτήτων των Μοντέλων

f(m): Εκ-των-Προτέρων Πιθανότητα του 
µοντέλου m (Prior model probability)
f(m|y): Εκ-των-Υστέρων Πιθανότητα του 
µοντέλου m (Posterior model probability)
f(y|m): Περιθωριακή Πιθανοφάνεια των 
∆εδοµένων στο µοντέλο m (marginal 
likelihood of model m) 

6… ΑΠΛΟΙ ΕΛΕΓΧΟΙ ΥΠΟΘΕΣΕΩΝ 
6.1. Εισαγωγή: Εκ-των-Υστερων Λόγος 
Πιθανοτήτων των Μοντέλων

: Εκ-των-προτέρων λόγος 
πιθανοτήτων του µοντέλου m0
έναντι του µοντέλου m1               
(Prior model odds of  m0 vs. m1)
: Παράγοντας Bayes του µοντέλου 
m0 έναντι του µοντέλου m1       
(Bayes Factor of  model m0 vs. m1)
: Εκ-των-υστέρων λόγος 
πιθανοτήτων του µοντέλου m0
έναντι του µοντέλου m1       
(Posterior model odds of  m0 vs. m1)
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6… ΑΠΛΟΙ ΕΛΕΓΧΟΙ ΥΠΟΘΕΣΕΩΝ 
6.2. Εκ-των-Υστερων Πιθανοτήτες των 
Μοντέλων στο BUGS

Στο BUGS µπορούµε να εκτιµήσουµε τη εκ-των-
υστερων πιθανότητα f(m|y) εισάγωντας την 
λανθάνουσα (latent) δίτιµη µεταβλητή γ: 

Y~Normal( α +   βΧ ,σ2 ).

6… ΑΠΛΟΙ ΕΛΕΓΧΟΙ ΥΠΟΘΕΣΕΩΝ 
6.2. Εκ-των-Υστερων Πιθανοτήτες των 
Μοντέλων στο BUGS

Στο BUGS µπορούµε να εκτιµήσουµε τη εκ-των-
υστερων πιθανότητα f(m|y) εισάγωντας την 
λανθάνουσα (latent) δίτιµη µεταβλητή γ: 

Y~Normal( α + γ×βΧ ,σ2 ).
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6… ΑΠΛΟΙ ΕΛΕΓΧΟΙ ΥΠΟΘΕΣΕΩΝ 
6.2. Εκ-των-Υστερων Πιθανοτήτες των 
Μοντέλων στο BUGS

Για λεπτοµέρειες παραπέµπουµε στα ακόλουθα 
Katsis, A. and Ntzoufras, I. (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… ΑΠΛΟΙ ΕΛΕΓΧΟΙ ΥΠΟΘΕΣΕΩΝ 
6.2. Εκ-των-Υστερων Πιθανοτήτες των 
Μοντέλων στο BUGS

Η κατανοµή  f(β| γ=0) ονοµάζεται και ψευδο-prior (pseudo-
prior) ή  or κατανοµή πρότασης (proposal distribution). 
∆εν επηρεάζει την εκ-των-υστέρων κατανοµη δηλ. την  
f(α, β, γ| y)=f(α, β| γ, y) f(γ | y).
Επηρεάζει την σύγκλιση της αλυσίδας
Για να δουλέψει αποτελεσµατικά  πρέπει να είναι κοντά 
στην εκ-των-υστέρων κατανοµή: f(β| y, γ=1) .
Για λόγους απλούστευσης υποθέτουµε         

f(β| γ=0)= f(β| γ=1)
[∆ουλεύει καλά στο συγκεκριµένο παράδειγµα]
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6… ΑΠΛΟΙ ΕΛΕΓΧΟΙ ΥΠΟΘΕΣΕΩΝ 
6.2. Εκ-των-Υστερων Πιθανοτήτες των 
Μοντέλων στο BUGS

Birth[i]~dnorm(mu[i],tau)
x[i]<-estriol[i]-mean(estriol[])

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

(1) Birthi ~ Normal(µi, σ2)
(2) ηi = α + β×Estrioli
(3) µi=ηi=α+β×Estrioli

for i=1,...,31
PRIORS

f (α)=Normal ( 0, 104 )
f (β)=Normal ( 0, 104 )
f (τ2)=Gamma(10-4,10-4)
σ2=1/ τ

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

s2<-1/tau

for (i in 1:n) {

}

6… ΑΠΛΟΙ ΕΛΕΓΧΟΙ ΥΠΟΘΕΣΕΩΝ 
6.2. Εκ-των-Υστερων Πιθανοτήτες των 
Μοντέλων στο BUGS

Birth[i]~dnorm(mu[i],tau)
x[i]<-estriol[i]-mean(estriol[])

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

(1) Birthi ~ Normal(µi, σ2)
(2) ηi = α + γ × β×Estrioli
(3) µi=ηi=α+β×Estrioli

for i=1,...,31
PRIORS

f (α)=Normal ( 0, 104 )
f (β)=Normal ( 0, 104 )
f (τ2)=Gamma(10-4,10-4)
σ2=1/ τ
γ ~ Bernoulli (0.5)

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

s2<-1/tau

gamma~dbern(0.5)

for (i in 1:n) {

}
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6… ΑΠΛΟΙ ΕΛΕΓΧΟΙ ΥΠΟΘΕΣΕΩΝ 
6.2. Εκ-των-Υστερων Πιθανοτήτες των 
Μοντέλων στο BUGS

Birth[i]~dnorm(mu[i],tau)
x[i]<-estriol[i]-mean(estriol[])

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

(1) Birthi ~ Normal(µi, σ2)
(2) ηi = α + γ × β×Estrioli
(3) µi=ηi=α+β×Estrioli

for i=1,...,31
PRIORS

f (α)=Normal ( 0, 104 )
f (β)=Normal ( 0, 104 )
f (τ2)=Gamma(10-4,10-4)
σ2=1/ τ
γ ~ Bernoulli (0.5)

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

s2<-1/tau

gamma~dbern(0.5)

for (i in 1:n) {

}

6… ΑΠΛΟΙ ΕΛΕΓΧΟΙ ΥΠΟΘΕΣΕΩΝ 
6.2. Εκ-των-Υστερων Πιθανοτήτες των 
Μοντέλων στο BUGS

Μετά από Burn-in 1000 επαναλήψεων και 
20,000 επαναλήψεις ως δείγµα

f(γ=1|y)= 0.6268

PO10=BF10 = 1. 68
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6… ΑΠΛΟΙ ΕΛΕΓΧΟΙ ΥΠΟΘΕΣΕΩΝ 
6.2. Εκ-των-Υστερων Πιθανοτήτες των 
Μοντέλων στο BUGS

∆εν συζητήσαµε για τις εκ-των-προτέρων κατανοµές των 
µοντέλων όταν κάνουµε επιλογή/σύγκριση µοντέλων           
[το θέµα είναι πολύ µεγάλο και σύνθετο για αυτό το µάθηµα]. 
Μεγάλες τιµές της εκ-των-προτερων διακύµανσης του β θα 
ενεργοποιήσει το παράδοξο των Bartlett - Lindley  => 
f(γ=1|y)→ 0.0
Μία λύση: Η εκ-των-προτέρων (ΕτΠ) κατανοµή της 
µοναδιαίας πληροφορίας (Unit information prior, BIC): 

ΕτΠ ∆ιακύµανση του β = 
Μέγεθος ∆είγµατος X ΕτΥ ∆ιακύµανση του β που παίρνουµε 

όταν χρησιµοποιούµε επίπεδη ΕτΠ κατανοµή

6… ΑΠΛΟΙ ΕΛΕΓΧΟΙ ΥΠΟΘΕΣΕΩΝ 
6.2. Εκ-των-Υστερων Πιθανοτήτες των 
Μοντέλων στο BUGS

Ας Ξανατρέξουµε το παράδειγµα µε την ΕτΠ
µοναδιαίας πληροφορίας.
Τρέχουµε το παράδειγµα µε µεγάλη ΕτΠ
διακύµανση και βρίσκουµε 

ΕτΥ ∆ιακύµανση= (0.1431)2

Παίρνουµε τώρα στη σύγκριση των 2 µοντέλων µε
ΕτΠ ∆ιακύµανση του β = 31 Χ (0.1431)2 = 0.6348
ΕτΠ Ακρίβεια του β = 1/0.6348 = 1.575
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6… ΑΠΛΟΙ ΕΛΕΓΧΟΙ ΥΠΟΘΕΣΕΩΝ 
6.2. Εκ-των-Υστερων Πιθανοτήτες των 
Μοντέλων στο BUGS

Μετά από Burn-in 1000 επαναλήψεων και 20,000 
προσοµοιώµενες τιµές έχουµε ως αποτέλεσµα

f(γ=1|y)= 0.9922
PO10=BF10 = 127.20  

6… ΑΠΛΟΙ ΕΛΕΓΧΟΙ ΥΠΟΘΕΣΕΩΝ 
6.2. Εκ-των-Υστερων Πιθανοτήτες των 
Μοντέλων στο BUGS

Αυτό το Παράδειγµα είναι µόνο για Επίδειξη

Μην προσπαθήσετε να τρέξετε σύγκριση µοντέλων 
στο BUGS αν δεν έχετε πρώτα κατανοήσει πολύ καλά 
την προσοµοίωση των απλών µοντέλων και το τρόπο 
λειτουργίας των µεθόδων σύγκρισης µοντέλων. 

Να είστε πολυ προσεκτικοί όταν επιλέγετε ΕτΠ (prior) 
και ψευδο-ΕτΠ (pseudo-prior) κατανοµές 
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6… ΑΠΛΟΙ ΕΛΕΓΧΟΙ ΥΠΟΘΕΣΕΩΝ 
6.3. Άλλοι Τρόποι Υπολογισµού του 
Παράγοντα Bayes

MCMC για Σύγκριση Μοντέλων
Reversible Jump MCMC (RJMCMC, Green, 1995) [∆εν µπορεί να 

εφαρµοστεί στο WINBUGS ακόµα]
∆ειγµατολήπτης των Carlin και Chib (1995). Παράδειγµα 13 

(Pines dataset) στο Bugs 0.5 Examples vol.2, σελ. 47-50 .
Τρόποι Υπολογισµού της Περιθωριακής Πιθανοφάνειας
Εκτιµητής του Αρµονικού µέσου της Πιθανοφάνειας
Ο Εκτιµητής των Newton και Raftery (1994). 
Ο Εκτιµητής των Gelfand και Dey (1994). 
Ο Εκτιµητής του Chib (1995, JASA). 
Ο Eκτιµητής Laplace-Metropolis (Lewis και Raftery, 1997)
κ.α. Για Λεπτοµέρειες προτείνω να δείτε το καλό review του Lopes 

(2002).

7… ΑΛΛΟΙ ΤΡΟΠΟΙ ΣΥΓΚΡΙΣΗΣ ΜΟΝΤΕΛΩΝ 
7.1. Κριτήρια Πληροφορίας (Information 
Criteria)

Τα κριτήρια πληροφορίας γενικά ορίζονται ώς την µέγιστη 
πιθανοφάνεια στη οποία επιβάλλεται µια ποινή για κάθε 
επιπλέον παράµετρο που εκτιµούµε

Deviance = -2 max{ log - likelihood }

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

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

BIC= -2 max{ log - likelihood } + parameters × log(n)
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7… ΑΛΛΟΙ ΤΡΟΠΟΙ ΣΥΓΚΡΙΣΗΣ ΜΟΝΤΕΛΩΝ 
7.1. Κριτήρια Πληροφορίας (Information 
Criteria)

Μπορούµε να ορίσουµε τις Bayesian versions των AIC/BIC και 
να βρούµε τις posterior και να τις συγκρίνουµε (Brooks 2002)

B.Deviance(m) = -2 log{f(y|θ,m)} = -2 log - likelihood

B.AIC(m) = -2 log{f(y|θ, m)} + parameters × 2

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

7… ΑΛΛΟΙ ΤΡΟΠΟΙ ΣΥΓΚΡΙΣΗΣ ΜΟΝΤΕΛΩΝ 
7.2. Bayesian AIC/BIC στο WINBUGS 
(Estriol Example)

ΜΠΟΡΟΥΜΕ ΝΑ ΤΡΕΞΟΥΜΕ ΚΑΙ ΤΑ ∆ΥΟ ΜΟΝΤΕΛΑ ΣΕ 
ΕΝΑ ΠΡΟΓΡΑΜΜΑ WINBUGS. 

1...  Ορίζουµε το λογάριθµο της Πιθανοφάνειας για κάθε 
παρατήρηση (µέσα στο for).

2… Υπολογίζουµε τη συνολική λογαριθµο - Πιθανοφάνεια
3… Υπολογίζουµε τo AIC/BIC για κάθε µοντέλο
4… Υπολογίζουµε διαφορές των AIC/BIC που µας 

ενδιαφέρουν.(µονο σε παράλληλη δειγµατοληψία)
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7… ΑΛΛΟΙ ΤΡΟΠΟΙ ΣΥΓΚΡΙΣΗΣ ΜΟΝΤΕΛΩΝ 
7.2. Bayesian AIC/BIC στο WINBUGS 
(Estriol Example)

ΜΟΝΤΕΛΟ 1: BIRTHWEIGHT=α+β ESTRIOL

model estriol_AIC_BIC; 
{

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

loglike1[i]<- -0.5*log(2*pi)+0.5*log(tau)
-0.5*pow( birth[i]-mu[i],2 )*tau

}

(1)

(1)

7… ΑΛΛΟΙ ΤΡΟΠΟΙ ΣΥΓΚΡΙΣΗΣ ΜΟΝΤΕΛΩΝ 
7.2. Bayesian AIC/BIC στο WINBUGS 
(Estriol Example)

ΜΟΝΤΕΛΟ 1: BIRTHWEIGHT=α+β ESTRIOL
#     prior distributions for model m1

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
L1<-sum( loglike1[] )

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

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

}

(2)

(3)
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7… ΑΛΛΟΙ ΤΡΟΠΟΙ ΣΥΓΚΡΙΣΗΣ ΜΟΝΤΕΛΩΝ 
7.2. Bayesian AIC/BIC στο WINBUGS 
(Estriol Example)

ΜΟΝΤΕΛΟ 0: BIRTHWEIGHT=α
model estriol_AIC_BIC{

pi<-3.14
for (i in 1:n) {

# definition of model m1
# … … … … … … … … … … … …
# definition of model m0

birth0[i]<-birth[i]
birth0[i]~dnorm( mu0[i], tau0 );             
mu0[i]<-a0; 
loglike0[i]<- -0.5*log(2*pi)+0.5*log(tau0)

-0.5*pow( birth0[i]-mu0[i],2)*tau0
}

(1)

7… ΑΛΛΟΙ ΤΡΟΠΟΙ ΣΥΓΚΡΙΣΗΣ ΜΟΝΤΕΛΩΝ 
7.2. Bayesian AIC/BIC στο WINBUGS 
(Estriol Example)

ΜΟΝΤΕΛΟ 0: BIRTHWEIGHT=α
# prior distributions for model m1
#     … … … … … … … … … … … … … … … … 
# prior distributions for model m0

a0~dnorm( 0, 1.0E-04 ); 
tau0~dgamma( 1.0E-04 , 1.0E-04 ); 

# Bayesian versions of LogLikelihood
L1<-sum( loglike1[] )
L0<-sum( loglike0[] )

# Bayesian versions of BIC 
BIC1<- -2*L1 + 3*log(n)
BIC0<- -2*L0 + 2*log(n)
DBIC10<- BIC0-BIC1

# Bayesian versions of AIC 
AIC1<- -2*L1 + 3*2
AIC0<- -2*L0 + 2*2
DAIC10<- AIC0-AIC1                     }

(2)

(3)

(3)

(4)

(4)
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7… ΑΛΛΟΙ ΤΡΟΠΟΙ ΣΥΓΚΡΙΣΗΣ ΜΟΝΤΕΛΩΝ 
7.2. Bayesian AIC/BIC στο WINBUGS 
(Estriol Example)

Αποτελέσµατα

Υποστηρίζεται το µοντέλο µε β ≠0 και µε το 
AIC και µε το BIC

node mean sd MC error 2.5% median 97.5% start sample
AIC0 189.4 2.003 0.032 187.5 188.8 194.8 1001 5000
AIC1 178.2 2.533 0.03684 175.3 177.5 184.7 1001 5000
BIC0 192.3 2.003 0.032 190.3 191.6 197.7 1001 5000
BIC1 182.5 2.533 0.03684 179.6 181.8 189.0 1001 5000
DAIC10 11.23 3.212 0.05295 4.246 11.48 17.65 1001 5000
DBIC10 9.798 3.212 0.05295 2.812 10.04 16.22 1001 5000

7… ΑΛΛΟΙ ΤΡΟΠΟΙ ΣΥΓΚΡΙΣΗΣ ΜΟΝΤΕΛΩΝ 
7.3. Πληροφοριακό Κριτήριo Απόκλισης 
(Deviance Information Criterion)

To DIC είναι Γενίκευση του AIC
Spiegelhalter et al. (2002, RSSB)

DIC(m)= D(θ,m)+ pD(m)

D(θ,m) = posterior mean of deviance for model m
pD(m) = effective number of parameters of model m

DIC(m)=2D(θ,m)-D(θ,m)

D(θ,m): Deviance evaluated at the posterior mean of θ (ή 
άλλου εκτιµητή)
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7… ΑΛΛΟΙ ΤΡΟΠΟΙ ΣΥΓΚΡΙΣΗΣ ΜΟΝΤΕΛΩΝ 
7.3. Πληροφοριακό Κριτήριo Απόκλισης 
(Deviance Information Criterion)

ΜΕΡΙΚΑ ΣΧΟΛΙΑ ΓΙΑ ΤΟ DIC

1) Γενίκευση του AIC. Για τα µή ιεραρχικά µοντέλα pD είναι 
περίπου ίσο µε τον πραγµατικό αριθµό των παραµέτρων. 

2) Μικρές αλλαγές της εκτίµησης του θ (που 
χρησιµοποιείται για τον υπολογισµό του  pD) µπορεί να 
οδηγήσει σε άλλο DIC (άρα επηρεάζεται και από prior, την 
παραµετροποίηση του µοντέλου και από την ασυµµετρία της 
posterior του θ).

7… ΑΛΛΟΙ ΤΡΟΠΟΙ ΣΥΓΚΡΙΣΗΣ ΜΟΝΤΕΛΩΝ 
7.3. Πληροφοριακό Κριτήριo Απόκλισης 
(Deviance Information Criterion)

ΜΕΡΙΚΑ ΣΧΟΛΙΑ ΓΙΑ ΤΟ DIC

3) Στο WINBUGS δεν δίδεται το Μόντε Κάρλο σφάλµα 
(MC error). 

Το σφάλµα του Deviance µπορούµε να το βρούµε εύκολα 
επιβλέποντας (monitor) την posterior του Deviance 
(οριζουµε D1<- -2L1 και  D0<- -2L0 στο παραδειγµα 
της Εστριόλης). Αυτό  το σφάλµα γενικά είναι µικρό. 

Ανησυχία υπάρχει για το pD (και D(θ,m) )  και γενικά θα 
πρέπει να κοιτάζουµε τη σταθερότητα αυτών των 
ποσοτήτων µετά από αρκετές επαναλήψεις. 
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7… ΑΛΛΟΙ ΤΡΟΠΟΙ ΣΥΓΚΡΙΣΗΣ ΜΟΝΤΕΛΩΝ 
7.3. Πληροφοριακό Κριτήριo Απόκλισης 
(Deviance Information Criterion)

ΜΕΡΙΚΑ ΣΧΟΛΙΑ ΓΙΑ ΤΟ DIC

4) Αν η λογαριθµο - πιθανοφάνεια είναι κοίλη ως πρός τις 
παραµέτρους της  (στοχαστικούς κόµβους) τότε DIC>0. 
Παρόλα αυτά µπορούµε να πάρουµε αρνητικό DIC στις 
ακόλουθες περιπτώσεις
i) µε µη κοίλες λογαριθµο-πιθανοφάνειας (π.χ. Student-t 
κατανοµή) όπου υπάρχει µεγάλη διαφορά µεταξύ prior και 
δεδοµένων.
ii) όταν η posterior µίας παραµέτρου είναι συµετρική και 
δικόρυφη και γενικά όταν ο εκ-των-υστέρων µέσος είναι 
φτωχός περιγραφικός δείκτης µε µεγάλη εκ-των-υστέρων 
διακύµανση. 

7… ΑΛΛΟΙ ΤΡΟΠΟΙ ΣΥΓΚΡΙΣΗΣ ΜΟΝΤΕΛΩΝ 
7.3. Πληροφοριακό Κριτήριo Απόκλισης 
(Deviance Information Criterion)

ΜΕΡΙΚΑ ΣΧΟΛΙΑ ΓΙΑ ΤΟ DIC

5) Το ελάχιστο DIC εκτιµάει ποιό µοντελο θα δώσει τις 
καλύτερες σύντοµες (short-term) προβλέψεις στην ίδια 
λογική µε το AIC. 
Παρόλα αυτά άν η διαφορά των DIC είναι µικρότερη από 5 
για µοντέλα που δίνουν τελείως διαφορετικά συµπεράσµατα 
τότε είναι λάθος απλά να αναφέρουµε το µοντέλο µε το 
µικρότερο DIC. 

6) Το DIC (όπως και τα AIC/BIC) είναι συγκρίσιµα για 
µοντέλα µε τα ίδια δεδοµένα. Τα µοντέλα δε χρειάζεται να 
είναι «φωλιασµένα» το ένα µέσα στο άλλο (nested). 
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7… ΑΛΛΟΙ ΤΡΟΠΟΙ ΣΥΓΚΡΙΣΗΣ ΜΟΝΤΕΛΩΝ 
7.3. Πληροφοριακό Κριτήριo Απόκλισης 
(Deviance Information Criterion)

ΜΕΡΙΚΑ ΣΧΟΛΙΑ ΓΙΑ ΤΟ DIC

7) To DIC διαφέρει σε στόχους και µορφή από το BIC και τον 
Παράγοντα Bayes. 

8) Θα πρέπει να χρησιµοποιείτε µε προσοχή το DIC µέχρι να 
υπάρξου πιο πολλά ερευνητικά αποτελέσµατα. Σε µερικά 
µοντέλα το WINBUGS δεν µπορεί να υπολογιστεί το DIC. Για 
λεπτοµέρειες παραπέµπουµε στην Ιστο-σελίδα του WINBUGS
http://www.mrc-bsu.cam.ac.uk/bugs/winbugs/contents.shtml

9) Ο υπολογισµός των Bayesian BIC/AIC είναι πιο εύκολος και 
άµεσος (και µπορούµε να έχουµε και MC error).

7… ΑΛΛΟΙ ΤΡΟΠΟΙ ΣΥΓΚΡΙΣΗΣ ΜΟΝΤΕΛΩΝ 
7.4. Υπολογισµός του DIC στο WINBUGS 
(Estriol Example)

∆εν χρειάζεται να ορισουµε κάτι επιπλέον στο µοντέλο 
του WINBUGS.
Μπορούµε να τρέξουµε παράλληλα όλα τα µοντέλα που
θέλουµε να συγκρίνουµε µαζί. 
Αφού προσοµοιώσουµε τις πρώτες παρατηρήσεις στην 
περίοδο Burn-in επιλέγουµε INFERENCE>DIC
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7… ΑΛΛΟΙ ΤΡΟΠΟΙ ΣΥΓΚΡΙΣΗΣ ΜΟΝΤΕΛΩΝ 
7.4. Υπολογισµός του DIC στο WINBUGS 
(Estriol Example)
Επιλέγουµε το κουτί SET .

Προσοµοιώνουµε το δείγµα από την posterior κατανοµή 
(MODEL>UPDATE, συµπληρώνουµε στο updates τον 
αριθµό των επαναλήψεων).
Επιλέγουµε το DIC TOOL (INFERENCE>DIC) και το 
κουτί DIC.

7… ΑΛΛΟΙ ΤΡΟΠΟΙ ΣΥΓΚΡΙΣΗΣ ΜΟΝΤΕΛΩΝ 
7.4. Υπολογισµός του DIC στο WINBUGS 
(Estriol Example)
ΑΠΟΤΕΛΕΣΜΑΤΑ

∆ιαφορά = 13.23
Μοντέλο 1 πάλι καλύτερο
pD είναι περίπου ίσο µε 3 και 2 (αριθµός παραµέτρων 
στα δύο µοντέλα).

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
birth0 185.433 183.447 1.985 187.418
total 357.633 352.533 5.100 362.734
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8…ΠΡΟΒΛΕΠΤΙΚΟΙ ∆ΙΑΓΝΩΣΤΙΚΟΙ 
ΕΛΕΓΧΟΙ ΤΩΝ ΜΟΝΤΕΛΩΝ 
ΠΕΡΙΕΧΟΜΕΝΑ 

[BUGS manual: page 40]
Κατάλοιπα (Residuals)
Εκ-των-υστέρων Επίπεδο Σηµαντικότητας (Posterior 
P-values)
Προβλεπτικά Μέτρα Σύγκρισης Μοντέλων 
(Predictive Model Comparison Measures)
Προβλεπτικά Μέτρα Πάραλληλης ∆ειγµατολειψίας
(Parallel Sampling Predictive Measures)

8…ΠΡΟΒΛΕΠΤΙΚΟΙ ∆ΙΑΓΝΩΣΤΙΚΟΙ 
ΕΛΕΓΧΟΙ ΤΩΝ ΜΟΝΤΕΛΩΝ 
ΕΝΑ ΑΠΛΟ ΠΑΡΑ∆ΕΙΓΜΑ (LINE.BUG)

model{
# Likelihood
for( i in 1 : N ) {

y[i] ~ dnorm(mu[i],tau)
mu[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)    

}
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8…ΠΡΟΒΛΕΠΤΙΚΟΙ ∆ΙΑΓΝΩΣΤΙΚΟΙ 
ΕΛΕΓΧΟΙ ΤΩΝ ΜΟΝΤΕΛΩΝ 
ΕΝΑ ΑΠΛΟ ΠΑΡΑ∆ΕΙΓΜΑ (LINE.BUG)

Data (ΧΩΡΙΣ 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…ΠΡΟΒΛΕΠΤΙΚΟΙ ∆ΙΑΓΝΩΣΤΙΚΟΙ 
ΕΛΕΓΧΟΙ ΤΩΝ ΜΟΝΤΕΛΩΝ 
8.1. ΕΛΕΓΧΟΣ ΚΑΤΑΛΟΙΠΩΝ

Εξετάζουµε την εκ-των-υστέρων κατανοµή των 
καταλοίπων (yi=data)
Κατάλοιπα (Residual): ri = yi - E(yi)        

resid[i]<-y[i]-mu[i]

Τυποποιηµένα Κατάλοιπα (Standardized 
Residual): sri = ri/√V(yi)= {yi - E(yi)}/√V(yi)

sresid[i]<-r[i]*sqrt(tau)
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8…ΠΡΟΒΛΕΠΤΙΚΟΙ ∆ΙΑΓΝΩΣΤΙΚΟΙ 
ΕΛΕΓΧΟΙ ΤΩΝ ΜΟΝΤΕΛΩΝ 
8.1. ΕΛΕΓΧΟΣ ΚΑΤΑΛΟΙΠΩΝ

ΑΠΟΤΕΛΕΣΜΑΤΑ (DATA ΧΩΡΙΣ 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 1.5 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 -2.4 -0.98 0.32
sresid[5] 0.52 0.8 0.016 -1.1 0.52 2.1

8…ΠΡΟΒΛΕΠΤΙΚΟΙ ∆ΙΑΓΝΩΣΤΙΚΟΙ 
ΕΛΕΓΧΟΙ ΤΩΝ ΜΟΝΤΕΛΩΝ 
8.1. ΕΛΕΓΧΟΣ ΚΑΤΑΛΟΙΠΩΝ

ΑΠΟΤΕΛΕΣΜΑΤΑ (DATA ΜΕ 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



Ioannis Ntzoufras 1/23/2006

Bayesian Biostatistics Using BUGS (4) 4.22

8…ΠΡΟΒΛΕΠΤΙΚΟΙ ∆ΙΑΓΝΩΣΤΙΚΟΙ 
ΕΛΕΓΧΟΙ ΤΩΝ ΜΟΝΤΕΛΩΝ 
8.2. ΠΡΟΒΛΕΠΟΜΕΝΕΣ ΤΙΜΕΣ ΚΑΙ ΚΑΤΑΛΟΙΠΑ

Εξετάζουµε τις τιµές που αναµένουµε 
(προβλέπουµε) µε βάση το µοντέλο (yi

pred)
y.pred[i]~dnorm( mu[i], tau)

Επίσης εξετάζουµε και τις αποστάσεις των 
προβλεπόµενων τιµών από τις 
παρατηρηρούµενες
Τυποποιηµένα Κατάλοιπα (Predicted 
Standardized Residual): 
sri

pred = (yi-yi
pred)/√V(yi) 

sr.pred[i]<-(y[i]-y.pred[i])*sqrt(tau)

8…ΠΡΟΒΛΕΠΤΙΚΟΙ ∆ΙΑΓΝΩΣΤΙΚΟΙ 
ΕΛΕΓΧΟΙ ΤΩΝ ΜΟΝΤΕΛΩΝ 
8.2. ΠΡΟΒΛΕΠΟΜΕΝΕΣ ΤΙΜΕΣ ΚΑΙ ΚΑΤΑΛΟΙΠΑ

ΑΠΟΤΕΛΕΣΜΑΤΑ (DATA ΧΩΡΙΣ OUTLIER)
node mean sd MC error 2.5% median 97.5%
y.pred[1] 1.4 1.6 0.03 -1.5 1.4 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…ΠΡΟΒΛΕΠΤΙΚΟΙ ∆ΙΑΓΝΩΣΤΙΚΟΙ 
ΕΛΕΓΧΟΙ ΤΩΝ ΜΟΝΤΕΛΩΝ 
8.2. ΠΡΟΒΛΕΠΟΜΕΝΕΣ ΤΙΜΕΣ ΚΑΙ ΚΑΤΑΛΟΙΠΑ

ΑΠΟΤΕΛΕΣΜΑΤΑ (DATA ΜΕ OUTLIER)
node mean sd MC error 2.5% median 97.5%
y.pred[1] 2.9 5.6 0.1 -7.1 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 5.4 0.09 -5.1 4.6 15.0

node mean sd MC error 2.5% median 97.5%
sr.pred[1] -0.72 1.4 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…ΠΡΟΒΛΕΠΤΙΚΟΙ ∆ΙΑΓΝΩΣΤΙΚΟΙ 
ΕΛΕΓΧΟΙ ΤΩΝ ΜΟΝΤΕΛΩΝ 
8.3. ∆ΙΑΓΝΩΣΤΙΚΑ ΜΕΤΡΑ ΠΡΟΒΛΕΠΤΙΚΩΝ ΤΙΜΩΝ

α) Πιθανότητα πιο ακραίας παρατήρησής
(Chance of more extreme observation): 
min{P(Yi<yi), P(Yi>yi)} 
Y.rep[i]<-dnorm(mu[i],tau)
p.smaller[i]<-step(y[i]-Y.rep[i])

Υπολογίζουµε τον εκ-των-υστερων µέσο του p.smaller 
{Ε(p.smaller|y)}  και µετα παίρνουµε το 
PMEO= min { Ε(p.smaller|y), 1-Ε(p.smaller|y) }. 

Αν αυτό είναι µικρό τότε σηµαίνει ότι τα δεδοµένα είναι
συστηµατικά µακριά από τις προβλεπόµενες τιµές
του µοντέλου.
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8…ΠΡΟΒΛΕΠΤΙΚΟΙ ∆ΙΑΓΝΩΣΤΙΚΟΙ 
ΕΛΕΓΧΟΙ ΤΩΝ ΜΟΝΤΕΛΩΝ 
8.3. ∆ΙΑΓΝΩΣΤΙΚΑ ΜΕΤΡΑ ΠΡΟΒΛΕΠΤΙΚΩΝ ΤΙΜΩΝ

α) Πιθανότητα πιο ακραίας παρατήρησής
ΑΠΟΤΕΛΕΣΜΑΤΑ

DATA ΧΩΡΙΣ OUTLIER DATA ΜΕ 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…ΠΡΟΒΛΕΠΤΙΚΟΙ ∆ΙΑΓΝΩΣΤΙΚΟΙ 
ΕΛΕΓΧΟΙ ΤΩΝ ΜΟΝΤΕΛΩΝ 
8.3. ∆ΙΑΓΝΩΣΤΙΚΑ ΜΕΤΡΑ ΠΡΟΒΛΕΠΤΙΚΩΝ ΤΙΜΩΝ
β) Εκ-των-υστέρων Επίπεδα Σηµαντικότητας

(Posterior p-values)
Η λογική είναι η εξής:
Φτιάχνουµε µια συνάρτηση των δεδοµένων Τ(y) που 
ελέγχει µια υπόθεση. 
Με τον ίδιο τρόπο µπορούµε να βρούµε και την 
κατανοµή του T(y) αν ισχύει το µοντέλο µας (δηλαδή να 
βασιστεί στις προβλεπόµενες τιµές ypred). 
Η σύγκριση των Τ(y) και Τ(ypred) µας δίνει τα posterior p-
values δηλαδή

Posterior P-value = P( Τ(y) < Τ(ypred) )
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8…ΠΡΟΒΛΕΠΤΙΚΟΙ ∆ΙΑΓΝΩΣΤΙΚΟΙ 
ΕΛΕΓΧΟΙ ΤΩΝ ΜΟΝΤΕΛΩΝ 
8.3. ∆ΙΑΓΝΩΣΤΙΚΑ ΜΕΤΡΑ ΠΡΟΒΛΕΠΤΙΚΩΝ ΤΙΜΩΝ
β) Εκ-των-υστέρων Επίπεδα Σηµαντικότητας

(Posterior p-values)
Οι συναρτήσεις ελέγχου µπόρουν να γενικευτούν και να 
περιλαµβάνουν και παραµέτρους δηλαδή

Posterior P-value = P( Τ(y, θ) < Τ(ypred , θ) )

8…ΠΡΟΒΛΕΠΤΙΚΟΙ ∆ΙΑΓΝΩΣΤΙΚΟΙ 
ΕΛΕΓΧΟΙ ΤΩΝ ΜΟΝΤΕΛΩΝ 
8.3. ∆ΙΑΓΝΩΣΤΙΚΑ ΜΕΤΡΑ ΠΡΟΒΛΕΠΤΙΚΩΝ ΤΙΜΩΝ
β) Εκ-των-υστέρων Επίπεδα Σηµαντικότητας

(Posterior p-values)
ΠΑΡΑ∆ΕΙΓΜΑ: ΕΛΕΓΧΟΣ ΣΥΜΜΕΤΡΙΑΣ

Τ(y, θ) = Σ(yi-µi)3

sresid.pred[i]<-(y.pred[i]-mu[i])*sqrt(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)
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8…ΠΡΟΒΛΕΠΤΙΚΟΙ ∆ΙΑΓΝΩΣΤΙΚΟΙ 
ΕΛΕΓΧΟΙ ΤΩΝ ΜΟΝΤΕΛΩΝ 
8.3. ∆ΙΑΓΝΩΣΤΙΚΑ ΜΕΤΡΑ ΠΡΟΒΛΕΠΤΙΚΩΝ ΤΙΜΩΝ
β) Εκ-των-υστέρων Επίπεδα Σηµαντικότητας

(Posterior p-values)
ΑΠΟΤΕΛΕΣΜΑΤΑ

node mean sd MC error 2.5% median 97.5%
pval.pred 0.4222 0.4939 0.005451 0.0 0.0 1.0
skew.obs 0.4449 1.834 0.02173 -2.883 0.2151 4.781
skew.pred -0.01527 1.768 0.01759 -3.918 -0.01252 3.728

node mean sd MC error 2.5% median 97.5%
pval.pred 0.5018 0.5 0.005355 0.0 1.0 1.0
skew.obs -0.01484 1.543 0.01706 -3.252 -0.011 3.296
skew.pred -0.01527 1.768 0.01759 -3.918 -0.01252 3.728

node mean sd MC error 2.5% median 97.5%
pval.pred 0.1577 0.3645 0.003941 0.0 0.0 1.0
skew.obs 2.089 2.119 0.01967 0.09692 1.439 7.821
skew.pred -0.01527 1.768 0.01759 -3.918 -0.01252 3.728

Y2=2

Y2=7

Y2=10000

8…ΠΡΟΒΛΕΠΤΙΚΟΙ ∆ΙΑΓΝΩΣΤΙΚΟΙ 
ΕΛΕΓΧΟΙ ΤΩΝ ΜΟΝΤΕΛΩΝ 
8.3. ∆ΙΑΓΝΩΣΤΙΚΑ ΜΕΤΡΑ ΠΡΟΒΛΕΠΤΙΚΩΝ ΤΙΜΩΝ
ΑΠΟΤΕΛΕΣΜΑΤΑ ΑΠΟ ΤΟ estriol.dat
node Mean PMOE Mean 

p.smaller st.res.
p.smaller[31] 0.9509 0.0491 1.792
p.smaller[29] 0.9030 0.0970 1.327
p.smaller[27] 0.8720 0.1280 1.177
p.smaller[22] 0.8623 0.1377 1.130
p.smaller[28] 0.8576 0.1424 1.122

p.smaller[13] 0.1416 0.1416 -1.115
p.smaller[6] 0.1388 0.1388 -1.107
p.smaller[18] 0.1250 0.1250 -1.226
p.smaller[7] 0.0358 0.0358 -1.887
p.smaller[14] 0.0267 0.0267 -2.108
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8…ΠΡΟΒΛΕΠΤΙΚΟΙ ∆ΙΑΓΝΩΣΤΙΚΟΙ 
ΕΛΕΓΧΟΙ ΤΩΝ ΜΟΝΤΕΛΩΝ 
8.3. ∆ΙΑΓΝΩΣΤΙΚΑ ΜΕΤΡΑ ΠΡΟΒΛΕΠΤΙΚΩΝ ΤΙΜΩΝ
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8…ΠΡΟΒΛΕΠΤΙΚΟΙ ∆ΙΑΓΝΩΣΤΙΚΟΙ 
ΕΛΕΓΧΟΙ ΤΩΝ ΜΟΝΤΕΛΩΝ 
8.3. ∆ΙΑΓΝΩΣΤΙΚΑ ΜΕΤΡΑ ΠΡΟΒΛΕΠΤΙΚΩΝ ΤΙΜΩΝ
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8…ΠΡΟΒΛΕΠΤΙΚΟΙ ∆ΙΑΓΝΩΣΤΙΚΟΙ 
ΕΛΕΓΧΟΙ ΤΩΝ ΜΟΝΤΕΛΩΝ 
8.3. ∆ΙΑΓΝΩΣΤΙΚΑ ΜΕΤΡΑ ΠΡΟΒΛΕΠΤΙΚΩΝ ΤΙΜΩΝ
ΑΠΟΤΕΛΕΣΜΑΤΑ ΑΠΟ ΤΟ 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…ΠΡΟΒΛΕΠΤΙΚΟΙ ∆ΙΑΓΝΩΣΤΙΚΟΙ 
ΕΛΕΓΧΟΙ ΤΩΝ ΜΟΝΤΕΛΩΝ 
8.3. ∆ΙΑΓΝΩΣΤΙΚΑ ΜΕΤΡΑ ΠΡΟΒΛΕΠΤΙΚΩΝ ΤΙΜΩΝ
γ) ∆ΙΑΓΝΩΣΤΙΚΑ ΤΩΝ IBRAHIM + LAUD

Lm
2=Σ (yi

pred- yi)2

Mm = f(ypred|y,θ) εκ-των-υστέρων πιθάνότητα 
εµφάνισης των ypred

Ε(Μm|y) = Posterior Bayes Factor (Aitkin, 1991)
Mm

-1/n = µετριέται σε ίδιες µονάδες µε τα y
MEIONEKTHMATA

Mm δεν µπορεί να υπολογιστεί εύκολα λόγω 
µεγάλων ή µικρών τιµών
∆εν λαµβάνει υπόψη του τον αριθµό των 
παραµέτρων του κάθε µοντέλου.
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8…ΠΡΟΒΛΕΠΤΙΚΟΙ ∆ΙΑΓΝΩΣΤΙΚΟΙ 
ΕΛΕΓΧΟΙ ΤΩΝ ΜΟΝΤΕΛΩΝ 
8.3. ∆ΙΑΓΝΩΣΤΙΚΑ ΜΕΤΡΑ ΠΡΟΒΛΕΠΤΙΚΩΝ ΤΙΜΩΝ
γ) ∆ΙΑΓΝΩΣΤΙΚΑ ΤΩΝ IBRAHIM + LAUD
# model 1

birth.pred[i]~dnorm( mu[i], tau )
loglike1.pred[i]<- -0.5*log(2*pi)+0.5*log(tau)-

0.5*pow( birth.pred[i]-mu[i],2 )*tau
like1[i]<- exp( loglike1[i] )

# model 0
birth0.pred[i]~dnorm( mu0[i], tau0 )
loglike0.pred[i]<- -0.5*log(2*pi)+0.5*log(tau0)-

0.5*pow( birth0.pred[i]-mu0[i],2 )*tau0
like0[i]<- exp( loglike0[i] )

# Lm criterion
Lm1<- sum( ss1[] );  Lm0<- sum( ss0[] )

#
# Mm criterion
# Mm1<-exp( Lm1 ); Mm0<-exp( Lm0 )
#

Mm1.star<-exp( -Lm1/n ); Mm0.star<-exp( -Lm0/n )

8…ΠΡΟΒΛΕΠΤΙΚΟΙ ∆ΙΑΓΝΩΣΤΙΚΟΙ 
ΕΛΕΓΧΟΙ ΤΩΝ ΜΟΝΤΕΛΩΝ 
8.3. ∆ΙΑΓΝΩΣΤΙΚΑ ΜΕΤΡΑ ΠΡΟΒΛΕΠΤΙΚΩΝ ΤΙΜΩΝ
ΑΠΟΤΕΛΕΣΜΑΤΑ(estriol.dat)
node mean sd MC error 2.5% median 97.5%
Lm0 1451.0 396.0 5.536 832.1 1401.0 2371.0
Lm1 942.9 264.2 3.793 535.5 905.9 1576.0
Mm0 1.035E-36 1.0E-10 1.414E-12 0.0 7.254E-41 1.415E-36
Mm0.star 20.28 3.906 0.05565 14.35 19.72 29.53
Mm1 1.185E-33 1.0E-10 1.414E-12 2.382E-43 4.773E-38 1.606E-33
Mm1.star 16.39 3.128 0.04665 11.44 15.99 23.71
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8…ΠΡΟΒΛΕΠΤΙΚΟΙ ∆ΙΑΓΝΩΣΤΙΚΟΙ 
ΕΛΕΓΧΟΙ ΤΩΝ ΜΟΝΤΕΛΩΝ 
8.4. Προβλεπτικά Μέτρα Πάραλληλης ∆ειγµατολειψίας

(Parallel Sampling Predictive Measures)

Στα παραπάνω µέτρα τρέχουµε τη αλυσίδα του 
κάθε µοντέλου και συγκρίνουµε στο τέλους τους 
µέσους των µέτρων τους (AICm, BICm, Lm, Mm)
Στη σύγκριση µε παράλληλες αλυσίδες τρέχουµε 
όλα τα µοντέλα µαζί και συγρκίνουµε τα µέτρα µε 
διαφορές (π.χ. ∆AIC=AIC1-AIC0) και πιθανότητες 
επικράτησης (π.χ. P(AIC1>AIC0) ).

8…ΠΡΟΒΛΕΠΤΙΚΟΙ ∆ΙΑΓΝΩΣΤΙΚΟΙ 
ΕΛΕΓΧΟΙ ΤΩΝ ΜΟΝΤΕΛΩΝ 
8.4. Προβλεπτικά Μέτρα Πάραλληλης ∆ειγµατολειψίας

(Parallel Sampling Predictive Measures) # parallel 
differences

DBIC10<- BIC0-BIC1
DAIC10<- AIC0-AIC1
diff[1]<-DAIC10
diff[2]<-DBIC10
diff[3]<- Lm0-Lm1
diff[4]<-Mm1-Mm0
diff[5]<-Mm0.star-Mm1.star
PBF<-Mm1/Mm0
PBFn<-Mm0.star/Mm1.star

# parallel probabilities
for (i in 1:5){ prob[i]<-step(diff[i]) }
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8…ΠΡΟΒΛΕΠΤΙΚΟΙ ∆ΙΑΓΝΩΣΤΙΚΟΙ 
ΕΛΕΓΧΟΙ ΤΩΝ ΜΟΝΤΕΛΩΝ 
8.4. Προβλεπτικά Μέτρα Πάραλληλης ∆ειγµατολειψίας

(Parallel Sampling Predictive Measures)
ΑΠΟΤΕΛΕΣΜΑΤΑ (estriol.dat)

node mean sd MC error 2.5% median 97.5% s
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 508.0 477.7 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] AIC 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
prob[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…ΜΠΕΫΖΙΑΝΗ ΕΠΙΛΟΓΗ ΜΕΤΑΒΛΗΤΩΝ 
ΜΕ ΤΟ WINBUGS
9.1. ΠΑΡΑ∆ΕΙΓΜΑ ΣΕ 2X2X2 ΠΙΝΑΚA ΣΥΝΑΦΕΙΑΣ
∆εδοµένα από το βιβλίο του Healy (1988).  
Μεταβλητή A = Κατάσταση Ασθενή (περισσότερο ή λιγότερο 
σοβαρή),
Μεταβλητή B = Θεραπεία Αντιτοξίνης (Ναι/Όχι) 
Μεταβλητή C (µεταβλητή απόκρισης) = Επιβίωση Ασθενή 
(Ναι/Όχι).
Χρησιµοποιούµε Λογιστική Παλινδρόµιση
Λεπτοµέρειες µπορείτε να βρείτε στις δηµοσιεύσεις Dellaportas 
et al. (2000, BGLM). 
Επιπλέον παραδείγµατα µε επιλογή µεταβλητών στο BUGS 
µπορείτε να βρείτε στη δηµοσίευση Ntzoufras (2002, JSS). 
Για ένα απλό έλεγχο υποθέσεων και σύγκριση κατανοµών 
µπορείτε να δείτε τη δηµοσίευση Katsis and Ntzoufras (2004, 
TR). 
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  ΕΠΙΒΙΩΣΗ(C) 

Κατάσταση (Α) Αντιτοξίνη(B) Όχι Ναι 

Σοβαρή Ναι 15 6 

 Όχι 22 4 

Λιγ.Σοβαρή Ναι 5 15 

 Όχι 7 5 
 

 

9…ΜΠΕΫΖΙΑΝΗ ΕΠΙΛΟΓΗ ΜΕΤΑΒΛΗΤΩΝ 
ΜΕ ΤΟ WINBUGS
9.1. ΠΑΡΑ∆ΕΙΓΜΑ ΣΕ 2X2X2 ΠΙΝΑΚA ΣΥΝΑΦΕΙΑΣ

Μεταβλητή Απόκρισης:  C = Επιβίωση
Ανεξάρτητες Μεταβλητές 
Μεταβλητή A = Κατάσταση Ασθενή
Μεταβλητή B = Θεραπεία Αντιτοξίνη
Αλληλεπίδραση AB (interaction term)= 
Condition*Antitoxin 

Μοντέλα ύπο διερεύνηση
Μοντέλο 1: AB  = 1+A+B+AB
Μοντέλο 2: A+B = 1+A+B
Μοντέλο 3: A   = 1+A
Μοντέλο 4: B   = 1+B
Μοντέλο 5: µηδενικό ή σταθερό (null/ constant)= 1

9…ΜΠΕΫΖΙΑΝΗ ΕΠΙΛΟΓΗ ΜΕΤΑΒΛΗΤΩΝ 
ΜΕ ΤΟ WINBUGS
9.1. ΠΑΡΑ∆ΕΙΓΜΑ ΣΕ 2X2X2 ΠΙΝΑΚA ΣΥΝΑΦΕΙΑΣ
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Εκ-των-Προτέρων Κατανοµές
Εκ-των-προτέρων διακύµανση= 4 Χ 2
Εκ-των-προτέρων πιθανότητα κάθε µοντέλου              
f( γA, γB, γAB)=1/5: 

f(γA, γB, γAB)= f(γAB) f(γA | γAB) f(γΒ | γAB)

9…ΜΠΕΫΖΙΑΝΗ ΕΠΙΛΟΓΗ ΜΕΤΑΒΛΗΤΩΝ 
ΜΕ ΤΟ WINBUGS
9.1. ΠΑΡΑ∆ΕΙΓΜΑ ΣΕ 2X2X2 ΠΙΝΑΚA ΣΥΝΑΦΕΙΑΣ

Εκ-των-Προτέρων Κατανοµές
f(γA, γB, γAB)= f(γAB) f(γA | γAB) f(γΒ | γAB)

γAB ~ Bernoulli(1/5)

γA | γAB ~ Bernoulli(pA)
pA=0.5(1- γAB) + γAB
δηλαδή pA=1 αν γAB=1 και pA=0.5 αν γAB=0

Όµοια για την f(γB | γAB)
γB | γAB ~ Bernoulli(pB)
pB=0.5(1- γAB) + γAB

9…ΜΠΕΫΖΙΑΝΗ ΕΠΙΛΟΓΗ ΜΕΤΑΒΛΗΤΩΝ 
ΜΕ ΤΟ WINBUGS
9.1. ΠΑΡΑ∆ΕΙΓΜΑ ΣΕ 2X2X2 ΠΙΝΑΚA ΣΥΝΑΦΕΙΑΣ
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DATA IN WINBUGS 

r[] n[] x[,1] x[,2] x[,3] x[,4]
5 12 1 -1  -1  1
4 26 1  1  -1 -1
15 20 1 -1   1 -1
6 21 1  1   1  1

9…ΜΠΕΫΖΙΑΝΗ ΕΠΙΛΟΓΗ ΜΕΤΑΒΛΗΤΩΝ 
ΜΕ ΤΟ WINBUGS
9.1. ΠΑΡΑ∆ΕΙΓΜΑ ΣΕ 2X2X2 ΠΙΝΑΚA ΣΥΝΑΦΕΙΑΣ

Κώδικα WINBUGS για την Επιλογή Μεταβλητών 
µε τον ∆ειγµατολείπτη Gibbs (Gibbs Variable 
Selection - GVS)

Το µοντέλο 
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];  

}                                             

9…ΜΠΕΫΖΙΑΝΗ ΕΠΙΛΟΓΗ ΜΕΤΑΒΛΗΤΩΝ 
ΜΕ ΤΟ WINBUGS
9.1. ΠΑΡΑ∆ΕΙΓΜΑ ΣΕ 2X2X2 ΠΙΝΑΚA ΣΥΝΑΦΕΙΑΣ
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Η εκ-των-προτέρων κατανοµές
b[1]~dnorm(0.0,0.0001); }                
for (i in 2:N) {
tau[i]<-g[i]/8+(1-g[i])/(se[i]*se[i]);
bpriorm[i]<-mean[i]*(1-g[i]);
b[i]~dnorm(bpriorm[i],tau[i]); }       

PROPOSAL/ PSEUDOPRIOR PRIOR

g[i]=0 g[i]=1
bpriorm[i] mean[i] 0.0
tau[i] 1/se[i]2 1/8

9…ΜΠΕΫΖΙΑΝΗ ΕΠΙΛΟΓΗ ΜΕΤΑΒΛΗΤΩΝ 
ΜΕ ΤΟ WINBUGS
9.1. ΠΑΡΑ∆ΕΙΓΜΑ ΣΕ 2X2X2 ΠΙΝΑΚA ΣΥΝΑΦΕΙΑΣ

Η εκ-των-προτέρων κατανοµές
PROPOSAL/ PSEUDOPRIOR PRIOR

g[i]=0 g[i]=1
bpriorm[i] mean[i] 0.0
tau[i] 1/se[i]2 1/8

mean[i] και se[i] υπολογίζονται από την 
posterior του πλήρες µοντέλου AB.

9…ΜΠΕΫΖΙΑΝΗ ΕΠΙΛΟΓΗ ΜΕΤΑΒΛΗΤΩΝ 
ΜΕ ΤΟ WINBUGS
9.1. ΠΑΡΑ∆ΕΙΓΜΑ ΣΕ 2X2X2 ΠΙΝΑΚA ΣΥΝΑΦΕΙΑΣ
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Η εκ-των-προτέρων πιθανότητες των 
µοντέλων

g[]: διάνυσµα µε 4 στοιχεία (όσα και οι 
παράµετροι/όροι του µοντέλου

ΚΩ∆ΙΚΑΣ
for (i in 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

9…ΜΠΕΫΖΙΑΝΗ ΕΠΙΛΟΓΗ ΜΕΤΑΒΛΗΤΩΝ 
ΜΕ ΤΟ WINBUGS
9.1. ΠΑΡΑ∆ΕΙΓΜΑ ΣΕ 2X2X2 ΠΙΝΑΚA ΣΥΝΑΦΕΙΑΣ

Εκτίµηση των εκ-των-υστέρων πιθανοτήτων 
των µοντέλων στο WINBUGS

#       defining model code
#       0 for  constant, 1 for [A], 2 for [B], 3 for [A][B], 
#       6 for [AB]
#

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

9…ΜΠΕΫΖΙΑΝΗ ΕΠΙΛΟΓΗ ΜΕΤΑΒΛΗΤΩΝ 
ΜΕ ΤΟ WINBUGS
9.1. ΠΑΡΑ∆ΕΙΓΜΑ ΣΕ 2X2X2 ΠΙΝΑΚA ΣΥΝΑΦΕΙΑΣ
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1… Τρέχουµε το πλήρες µοντέλο θέτοντας

θετουµε mean[i] και se[i] τις παραπάνω τιµές.

9…ΜΠΕΫΖΙΑΝΗ ΕΠΙΛΟΓΗ ΜΕΤΑΒΛΗΤΩΝ 
ΜΕ ΤΟ WINBUGS
9.1. ΠΑΡΑ∆ΕΙΓΜΑ ΣΕ 2X2X2 ΠΙΝΑΚA ΣΥΝΑΦΕΙΑΣ

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

2… Τρέχουµε το GVS (5000+10000 iterations)

9…ΜΠΕΫΖΙΑΝΗ ΕΠΙΛΟΓΗ ΜΕΤΑΒΛΗΤΩΝ 
ΜΕ ΤΟ WINBUGS
9.1. ΠΑΡΑ∆ΕΙΓΜΑ ΣΕ 2X2X2 ΠΙΝΑΚA ΣΥΝΑΦΕΙΑΣ

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 -0.9135 -0.4159
b[3] 0.5823 0.2759 0.002749 0.05192 0.5811 1.128
b[4] -0.1748 0.2736 0.00251 -0.7112 -0.1759 0.369
g[1] 1.0 0.0 1.0E-12 1.0 1.0 1.0
g[2] 0.9837 0.1266 0.001383 1.0 1.0 1.0
g[3] 0.501 0.5 0.004707 0.0 1.0 1.0
g[4] 0.0496 0.2171 0.002251 0.0 0.0 1.0
pmdl[1] 0.0045 0.06693 7.437E-4 0.0 0.0 0.0
pmdl[2] 0.4945 0.5 0.004804 0.0 0.0 1.0
pmdl[3] 0.0118 0.108 0.00114 0.0 0.0 0.0
pmdl[4] 0.4396 0.4963 0.004209 0.0 0.0 1.0
pmdl[5] 0.0496 0.2171 0.002251 0.0 0.0 1.0

Model A+B Model A

A

B
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Ανοικτό θέµα

Η Μπεϋζιανή προσέγγιση δίνει λύσεις αλλά έχει 
(ακόµα) προβλήµατα

Υπάρχουν αρκετές άλλες προσεγγίσεις τις οποίες δεν 
καλύψαµε.

10…ΕΠΙΛΟΓΗ ΜΟΝΤΕΛΩΝ

E-mail: ntzoufras@aueb.gr

Bayesian Biostatistics 
Using BUGS

ΤΕΛΟΣ ΤΕΤΑΡΤΟΥ 
ΜΑΘΗΜΑΤΟΣ ΜΑΘΗΜΑΤΟΣ

Department of  Statistics, 
Athens University of 
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ΠΑΡΑΡΤΗΜΑ ∆1 (4ου ΜΑΘΗΜΑΤΟΣ): ΠΑΡΑ∆ΕΙΓΜΑΤΑ ΕΛΕΓΧΩΝ 
ΥΠΟΘΕΣΕΩΝ, ΕΠΙΛΟΓΗΣ ΜΟΝΤΕΛΩΝ ΚΑΙ ΜΕΤΑΒΛΗΤΩΝ 
 
1 ΠΑΡΑ∆ΕΙΓΜΑ WINBUGS 1: Ένας Απλός Έλεγχος Υπόθεσης (ESTRIOL 

DATASET) 
 
model estriol;  
{ 
#       definition of likelihood function 
# 
        for (i in 1:n) { 
                birth[i]~dnorm( mu[i], tau ); # random component 
                mu[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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for(i IN 1 : n)

s2

a

estriol[i]

ba.star
tau

mu[i]

birth[i]

a.star

name: a.star type: stochastic density: dnorm
mean 0.0 precision 1.0E-6 lower bound upper bound

 



 

 4.41

 
2 ΠΑΡΑ∆ΕΙΓΜΑ WINBUGS 2: ∆ιαγνωστικά Τέστ και Συγκρίσεις µοντέλων 

(ESTRIOL DATASET) 
 
model estriol_AIC_BIC;  
{ 
#       definition of likelihood function 
# 
    pi<-3.14 
        for (i in 1:n) { 
                birth[i]~dnorm( mu[i], tau );                                # random component 
                mu[i]<-a.star+b*(estriol[i]-mean(estriol[]));        # systematic component 
                                                                                         #      & link function 
   birth.pred[i]~dnorm( mu[i], tau ) 
   loglike1[i]<- -0.5*log(2*pi)+0.5*log(tau)-0.5*pow( birth[i]-mu[i],2 )*tau 
   loglike1.pred[i]<- -0.5*log(2*pi)+0.5*log(tau)-0.5*pow( birth.pred[i]-mu[i],2 )*tau 
   like1[i]<- exp( loglike1[i] ) 
# 
#      model m_0 
                birth0[i]<-birth[i] 
    birth0[i]~dnorm( mu0[i], tau0 );                           # random component 
                mu0[i]<-a0;                                                           # systematic component 
                                                                                          #      & link function 
   birth0.pred[i]~dnorm( mu0[i], tau0 ) 
   loglike0[i]<- -0.5*log(2*pi)+0.5*log(tau0)-0.5*pow( birth0[i]-mu0[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 
   like0[i]<- exp( loglike0[i] ) 
# 
# 
   ss1[i] <- pow( birth.pred[i]-birth[i], 2 ) 
   ss0[i] <- pow( birth0.pred[i]-birth0[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 m0 
        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( loglike1[] ) 
   L0<-sum( loglike0[] ) 
# 
# Bayesian versions of BIC  
   BIC1<- -2*L1 + 3*log(n) 
   BIC0<- -2*L0 + 2*log(n) 
# 
# Bayesian versions of AIC  
   AIC1<- -2*L1 + 3*2 
   AIC0<- -2*L0 + 2*2 
# 
# Lm criterion 
   Lm1<- sum( ss1[] ) 
   Lm0<- sum( ss0[] ) 
# 
# Mm criterion 
 Mm1<-exp( sum(loglike1.pred[]) )  
 Mm0<-exp( sum(loglike0.pred[]) )  
# 
 Mm1.star<-exp( -sum(loglike1.pred[])/n )  
 Mm0.star<-exp( -sum(loglike0.pred[])/n )  
#  
# parallel differences 
   DBIC10<- BIC0-BIC1 
   DAIC10<- AIC0-AIC1 
   diff[1]<-DAIC10 
   diff[2]<-DBIC10 
   diff[3]<- Lm0-Lm1 
   diff[4]<-Mm1-Mm0 
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   diff[5]<-Mm0.star-Mm1.star 
   PBF<-Mm1/Mm0  
   PBFn<-Mm0.star/Mm1.star  
# 
# parallel probabilities 
 for (i in 1:5){ 
  prob[i]<-step(diff[i]) 
 } 
} 
 
 
3 ΠΑΡΑ∆ΕΙΓΜΑ WINBUGS 3: ∆ιαγνωστικά Τέστ και Συγκρίσεις µοντέλων 

(LINE DATASET) 
 
model{ 
 pi<-3.14 
# 
# Likelihood  
 for( i in 1 : N ) { 
  y[i] ~ dnorm(mu[i],tau) 
  mu[i] <- alpha + beta * (x[i] - mean(x[])) 
# 
#  residuals 
    resid[i]<-y[i]-mu[i] 
    sresid[i]<-resid[i]*sqrt(tau) 
# 
#  predicted values 
   y.pred[i]~dnorm(mu[i],tau) 
# 
#    predicted standardised residuals 
  sr.pred[i]<-(y[i]-y.pred[i])*sqrt(tau)   
# 
# p.smaller  
 p.smaller[i]<-step(y[i]-y.pred[i])   
# 
  sresid.pred[i]<-(y.pred[i]-mu[i])*sqrt(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(1, 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 ΠΑΡΑ∆ΕΙΓΜΑ WINBUGS 4: Πλήρες Μοντέλο για το Antitoxin dataset  
 
model { 
# 
#  model likelihood 
for (i in 1:4) { 
    r[i]~dbin(p[i],n[i]); 
    logit(p[i])<-b[1] +  x[i,2]* b[2]  
                      +  x[i,3]* b[3]  
                      +  x[i,4]* b[4];  } 
# priors and pseudopriors 
 
b[1]~dnorm(0.0, 0.0001) 
for (i in 2:4) {  b[i]~dnorm( 0.0 , 0.0001) ; }                     
 
} 
 
DATA 
r[] n[] x[,1] x[,2] x[,3] x[,4] 
 5 12 1 -1  -1  1 
 4 26 1  1  -1 -1 
15 20 1 -1   1 -1 
 6 21 1  1   1  1   
END 
 
INITS 
list(  b=c(1,0,0,0) ) 
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5 ΠΑΡΑ∆ΕΙΓΜΑ WINBUGS 5: Gibbs Variable Selection για το Antitoxin 

dataset  
 
model { 
# 
#  model likelihood 
for (i in 1:4) { 
    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];  } 
# priors and pseudopriors 
b[1]~dnorm( 0.0, 0.0001 ) 
for (i in 2:4) { 
 tau[i]<-g[i]/8+(1-g[i])/(se[i]*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) 
      pmdl[3]<-equals(mdl,2) 
      pmdl[4]<-equals(mdl,3) 
      pmdl[5]<-equals(mdl,6) 
 
for (i in 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[] n[] x[,1] x[,2] x[,3] x[,4] 
 5 12 1 -1  -1  1 
 4 26 1  1  -1 -1 
15 20 1 -1   1 -1 
 6 21 1  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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ΠΑΡΑΡΤΗΜΑ ∆2: ΒΙΒΛΙΟΓΡΑΦΙΑ ΚΑΙ ∆ΗΜΟΣΙΕΥΣΕΙΣ ΣΧΕΤΙΚΕΣ ΜΕ 
BAYESIAN MODEL AND VARIABLE SELECTION 
 
 

1. Βιβλιογραφία 

2. Ntzoufras, I. (2002). Gibbs Variable Selection Using BUGS. Journal of 

Statistical Software, Volume 7, Issue 7, 1 – 19 . 

3. Dellaportas, P., Forster, J.J. and Ntzoufras, I. (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, I. (2003). Τesting 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. 

 



1

References and Bibliography for the Tutorial on MCMC
Bayesian Model and Variable Selection

by

Ioannis Ntzoufras

Lecturer in Quantitative Methods,

Dept. of Business Administration,

University of the Aegean,

e-mail: ntzoufras@aegean.gr, ntzoufras@aueb.gr.

References

[1] Albert, J.H. (1996). The Bayesian Selection of Log-linear Models. Canadian Journal

of Statistics, 24, 327–347.

[2] Bartlett, M.S. (1957). Comment on D.V. Lindley’s Statistical Paradox. Bio-

metrika, 44, 533–534.

[3] Brooks, S.P., Giudici, P. and Roberts, G.O. (2003). Efficient Construction of Re-

versible Jump Markov Chain Monte Carlo Proposal Distributions. (with discussion)

Journal of the Royal Statistical Society, B, 65, 3–56.

[4] Carlin, B.P. and Chib, S. (1995). Bayesian Model Choice via Markov Chain Monte

Carlo Methods. Journal of the Royal Statistical Society B, 157, 473–484.

[5] Chen, M.H., Ibrahim, J.G. and Yiannoutsos, C. (1999). Prior Elicitation, Variable

Selection and Bayesian Computation for Logistic Regression Models. Journal of

the Royal Statistical Society B, 61, 223–243

[6] Chipman, H., George, E.I. and McCulloch, R.E. (2001). The Practical Implementa-

tion of Bayesian Model Selection (with discussion). IMS Lecture Notes - Monograph

Series, 38, 67–134.

[7] Clyde, M.A. (1999). Bayesian Model Averaging and Model Search Strategies.

Bayesian Statistics 6 (J. M. Bernardo, J. O. Berger, A. P. Dawid and A. F. M.

Smith, eds.). Oxford: University Press, (to appear).

[8] Clyde, M., DeSimone, H. and Parmigiani, G. (1996). Prediction via Orthogonalized

Model Mixing. Journal of the American Statistical Association, 91, 1197–1208.



I.Ntzoufras: Bibliography for the Tutorial on MCMC Bayesian Model and Variable Selection 2

[9] Dellaportas, P. and Forster, J.J. (1999). Markov chain Monte Carlo model determi-

nation for hierarchical and graphical log-linear models. Biometrika, 86, 615-633.

[10] Dellaportas, P., Forster, J.J. and Ntzoufras, I. (2000). Bayesian Variable Selec-

tion 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.

[11] Dellaportas, P., Forster, J.J. and Ntzoufras, I. (2002). On Bayesian Model and

Variable Selection Using MCMC. Statistics and Computing, 12, 27–36.

[12] Fernandez, C., Ley, E. and Steel, M.F.J. (2000). Benchmark Priors For Bayesian

Model Averaging. Journal of Econometrics, 100, 381–427.

[13] Freedman, D. (1983). A Note on Screening Regression Equations. The American-

Statistician, 37, 152–155.

[14] George, E.I. (1999). Discussion of ‘Bayesian Model Averaging and Model Search

Strategies’ by M.A. Clyde. Bayesian Statistics 6, (Bernardo, J.M., Berger, J.O.,

Dawid, A.P., and Smith, A.F.M., eds.), 175–177, Oxford University Press.

[15] George, E.I. and Foster, D.P. (2000). Calibration and Empirical Bayes Variable

Selection. Biometrika, 87, 731–748.

[16] George, E.I. and McCulloch, R.E. (1993). Variable Selection via Gibbs Sampling.

Journal of the American Statistical Association, 88, 881–889.

[17] George, E.I. and McCulloch, R.E. (1997). Approaches for Bayesian Variable Selec-

tion. Statistica Sinica, 7, 339–373.

[18] Geweke, J. (1996). Variable Selection and Model Comparison in Regression.

Bayesian Statistics 5 (J. M. Bernardo, J. O. Berger, A. P. Dawid and A. F. M.

Smith, eds.). Oxford: University Press, 609–620.

[19] Giudici, P. and Roberts, G. (1998). On the Automatic Choice of Reversible Jumps.

Technical Report, University of Pavia, Italy.

[20] Green, P. (1995). Reversible Jump Markov Chain Monte Carlo Computation and

Bayesian Model Determination. Biometrika, 82, 711–732.



I.Ntzoufras: Bibliography for the Tutorial on MCMC Bayesian Model and Variable Selection 3

[21] Green, P.J. and Mira, A. (2001). Delayed Rejection in Reversible Jump Metropolis-

Hastings. Biometrika, 88, 1035–1053.

[22] Healy, M.J.R. (1988). Glim: An Introduction. Oxford: University Press.

[23] Hoeting, J.A., Madigan, D., Raftery, A.E. and Volinsky, C.T. (1999). Bayesian

Model Averaging: A Tutorial (with discussion). Statistical Science, 14, 382–417.

[24] Kass, R.E. and Raftery, A.E. (1995). Bayes Factors. Journal of the American Sta-

tistical Association, 90, 773–795.

[25] Kass, R.E. and Wasserman, L. (1995). A Reference Bayesian Test for Nested Hy-

potheses and its Relationship to the Schwarz Criterion. Journal of the American

Statistical Association, 90, 928–934.

[26] Katsis, A. and Ntzoufras, I. (2004). Bayesian Hypothesis Testing for the Dis-

tribution of Insurance Claim Counts Using the Gibbs Sampler. Techical Report,

Department of Business Administration, University of the Aegean, available at

www.ba.aegean.gr/ntzoufras .

[27] Knuiman, M.W. and Speed, T.P. (1988). Incorporating Prior Information Into the

Analysis of Contingency Tables. Biometrics, 44, 1061–1071.

[28] Kohn, R. , Smith, M. and Chan, D. (2001) Nonparametric regression using linear

combinations of basis functions Statistics and Computing, 11, 313 - 322.

[29] Kuo, L. and Mallick, B. (1998). Variable Selection for Regression Models.

Sankhya B, 60, 65–81.

[30] Lindley, D.V. (1957). A Statistical Paradox. Biometrika, 44, 187–192.

[31] Lindley, D.V. (1980). L.J.Savage - His Work in Probability and Statistics. Annals

of Statistics, 8, 1–24.

[32] Liu, J.S. (1996). Peskun’s Theorem and a Modified Discrete-State Gibbs Sampler.

Biometrika, 83, 681–682. Previous Extended version: Metropolised Gibbs Sampler:

An Improvement. Technical Report, Department of Statistics, Stanford University,

California, USA.



I.Ntzoufras: Bibliography for the Tutorial on MCMC Bayesian Model and Variable Selection 4

[33] Madigan, D. and Raftery, A.E. (1994). Model Selection and Accounting for Model

Uncertainty in Graphical Models using Occam’s Window. Journal of the American

Statistical Association, 89, 1535–1546.

[34] Madigan, D. and York, J. (1995). Bayesian Graphical Models for Discrete Data.

International Statistical Review, 63, 215–232.

[35] Miller, A.J. (1984). Selection of Subsets of Regression Variables. Journal of the Royal

Statistical Society A, 147, 389–425.

[36] Ntzoufras, I. (2002). Gibbs Variable Selection Using BUGS. Journal of Statistical

Software, Volume 7, Issue 7, 1 - 19 .

[37] Perez, J.M. and Berger, J. (2002). Expected posterior prior distributions for model

selection. Biometrika, 89, 491–512.

[38] Raftery, A.E. (1996). Approximate Bayes Factors and Accounting for Model Uncer-

tainty in Generalized Linear Models. Biometrika, 83, 251–266.

[39] Raftery, A.E., Madigan, D. and Hoeting, J.A. (1997). Bayesian Model Averaging

for Linear Regression Models. Journal of the American Statistical Association, 92,

179–191.

[40] Robert, C.P. (1993). A Note on Jeffreys-Lindley Paradox. Statistica Sinica, 3, 601-

608.

[41] Shafer, J. (1982). Lindley’s Paradox (with discussion). Journal of the American

Statistical Association, 77, 325–334.

[42] Smith, M. and Kohn, R. (1996). Nonparametric Regression Using Bayesian Variable

Selection. Journal of Econometrics, 75, 317–343.

[43] 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 Sta-

tistical Society B, 64, 583–639.

[44] Wasserman, L. (2000). Bayesian Model Selection and Model Averaging. Journal of

Mathematical Psychology, 44, 92-107.

[45] Williams, E. (1959) Regression Analysis. New York: Wiley.



I.Ntzoufras: Bibliography for the Tutorial on MCMC Bayesian Model and Variable Selection 5

[46] Zellner, A. (1986). On Assessing Prior Distributions and Bayesian Regression Anal-

ysis Using G-Prior distributions. Bayesian Inference and Decision Techniques: Es-

says in Honor of Bruno de Finetti (P. K. Goel and A. Zellner, eds.). Amsterdam:

North-Holland, 233–243.

Articles Implementing Model Comparison or Variable Selection Using

BUGS

1. Katsis, A. and Ntzoufras, I. (2004). Bayesian Hypothesis Testing for the Dis-

tribution of Insurance Claim Counts Using the Gibbs Sampler. Techical Report,

Department of Business Administration, University of the Aegean, available at

www.ba.aegean.gr/ntzoufras .

2. Ntzoufras, I. (2002). Gibbs Variable Selection Using BUGS. Journal of Statistical

Software, Volume 7, Issue 7, 1 - 19 .

3. Dellaportas, P., Forster, J.J. and Ntzoufras, I. (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.

Additional Bibliography and Text Books

1. Carlin, B.P. and Louis, T.A. (2000). Bayes and Empirical Bayes Methods for Data

Analysis. Second Edition. New York: Chapman and Hall.

2. Chen, M.H., Shao, Q.M. and Ibrahim, J.G (2000). Monte Carlo Methods in

Bayesian Computation. First Edition. New York: Springer-Verlag.

3. Han, C. and Carlin, B. (2001). MCMC Methods for Computing Bayes Factors: a

Comparative Review. Journal of the American Statistical Association, 96, 1122-

1132.

4. Lopes, H.F. (2002). Bayesian Model Selection. Techical Report, Departamento de

Métodos Estat́ısticos Universidade Federal do Rio de Janeiro, Brazil.

5. Raftery, A.E. and Richardson, S. (1996). Model Selection for Generalized Linear

Models via GLIB: Application to Nutrition and Breast Cancer. Bayesian Biostatis-

tics ( D.A. Berry and D.K. Strangl, eds.). New York: Marcel Dekker, 321–353.



I.Ntzoufras: Bibliography for the Tutorial on MCMC Bayesian Model and Variable Selection 6

6. Raftery, A.E. (1995). Bayesian Model Selection in Social Research. Sociological

Methodology 1995 (P. V. Marsden ed.). Oxford: Blackwell. Adrian E. Raftery. Uni-

versity of Washington Demography Center Working Paper no. 94-12, September

1994. A revised version appeared in Sociological Methodology 1995, pp. 111-196

7. Spiegelhalter, D., Thomas, A., Best, N. and Gilks, W. (1996a). BUGS 0.5:

Bayesian Inference Using Gibbs Sampling Manual.

8. Spiegelhalter, D., Thomas, A., Best, N. and Gilks, W. (1996b). BUGS 0.5: Exam-

ples Volume 1. MRC Biostatistics Unit, Institute of Public health, Cambridge,

UK.

9. Spiegelhalter, D., Thomas, A., Best, N. and Gilks, W.(1996c). BUGS 0.5: Exam-

ples Volume 2. MRC Biostatistics Unit, Institute of Public health, Cambridge,

UK.

10. Spiegelhalter, D., Thomas, A., Best, N. and Lunn, D. (2003). “WinBUGS User

Manual, Version 1.4”, MRC Biostatistics Unit, Institute of Public Health and

Department of Epidemiology & Public Health, Imperial College School of Medicine,

available at http://www.mrc-bsu.cam.ac.uk/bugs. MRC Biostatistics Unit,

Institute of Public health, Cambridge, UK.



Gibbs Variable Selection Using BUGS

Ioannis Ntzoufras∗
Department of Business Administration
University of the Aegean, Chios, Greece

e-mail: ntzoufras@aegean.gr

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

1

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,γ) ∈ S ×{0, 1}p, where
the indicator vector γ 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

η =
p∑

j=1

γjXjβj (1)

where Xj is the design matrix and βj 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 γ.

We denote the likelihood of each model by f(y|β,γ) and the prior by f(β,γ) =
f(β|γ)f(γ), where f(β|γ) is the prior of the parameter vector β conditional on the
model structure γ and f(γ) is the prior of the corresponding model. Moreover, β

can be partitioned into two vectors βγ and β\γ corresponding to parameters of
variables included or excluded from the model. Under this approach the prior can
be rewritten as

f(β,γ) = f(βγ |γ)f(β\γ |βγ ,γ)f(γ)

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

f(y|β,γ) = f(y|βγ ,γ).

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

f(β|γ,y) = f(βγ |γ,y)× f(β\γ |βγ ,γ)

where f(βγ |γ,y) is the actual posterior of the parameters of model γ and
f(β\γ |βγ ,γ,y) is the conditional prior distribution of the parameters not included
in the model γ. We may now interpret f(βγ |γ) as the actual prior of the model
while the distribution f(β\γ |βγ ,γ) may be called as ‘pseudoprior’ since the param-
eter vector β\γ does not gain any information from the data and does not influence
the actual posterior of the parameters of each model, f(βγ |γ,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(βγ |β\γ ,γ,y) ∝ f (y|β,γ)f (βγ |γ)f (β\γ |βγ ,γ) (2)
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2. Sample the parameters excluded from the model from the pseudoprior

f(β\γ |βγ ,γ,y) ∝ f(β\γ |βγ ,γ) (3)

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

Oj =
f(y|β, γj = 1,γ\j)
f(y|β, γj = 0,γ\j)

f(β|γj = 1,γ\j)
f(β|γj = 0,γ\j)

f(γj = 1,γ\j)
f(γj = 0,γ\j)

. (4)

The selection of priors and pseudopriors is a very important aspect in model selec-
tion. Here we briefly present the simplest approach where f(β|γ) is given a product
of independent prior and pseudoprior densities: f(β|γ) = ∏p

j=1 f(βj |γj). In such
case, a usual and simple choice of f(βj |γj) is given by

f(βj |γj) = (1− γj)f(βj |γj = 0) + γjf(βj |γj = 1) (5)

resulting to actual prior distribution f(βγ |γ) =
∏

γj=1 f(βj |γj) and pseudoprior
f(β\γ |βγ ,γ) =

∏
γj=0 f(βj |γj).

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

f(βj |γ,β\j ,y) ∝ f(y|βγ ,γ)
n∏

k=1

f(βk|γk) ∝
{

f (y|γ,β)f (βj |γj = 1 ) γj = 1
f(βj |γj = 0) γj = 0

(6)
indicating that the pseudoprior, f(βj |γj = 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(βj |γj = 1) ≡ N(0,Σj) and f(βj |γj = 0) ≡ N(µ̄j , Sj). (7)

The hyperparameters µ̄j and Sj 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 µ̄j = 0 and Sj = Σj/k

2 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.

3

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 γj is f(γj) = Bernoulli (1/2), whereas in other cases (for example,
hierarchical or graphical log-linear models) it is required that f(γj |γ\j) depends on
γ\j ; 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. (1996c, 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|β,γ), the specification of the prior distributions
f(β|γ) and f(γ), 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,j]<-x[i,j]*b[j]*g[j]}}

for (i in 1:N) {

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

y[i]~distribution [ parameter1, parameter2 ] }

where

• N denotes the sample size,

• p the number of total variables under consideration,

• x[i,j] is the i, j component of the data or design matrix X,

• y[i] is i element of the response vector y,

• b[j] is the j element of the parameter vector β,
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• g[j] is the inclusion indicator for j element of γ,

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

• eta[i] is the i element of linear predictor vector η 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),

• parameter1,parameter2 should be substituted according to distribution cho-
sen, for example for the normal distribution with mean µi and variance τ−1

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) { mu[i] <- sum(z[i,]) ;

y[i]~dnorm (mu[i], 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(lambda[i]) <- sum(z[i,]);

y[i] ~ dpois(lambda[i])}

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(p[i], n[i])}

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[i]) by probit(p[i]) or cloglog(p[i])
for Φ−1(p) and log(−log(1 − p)); where Φ 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

βj ∼ γjN(0,Σj) + (1− γj)N(µ̄j , Sj), j = 1, 2, . . . , p (8)

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

• b[j]∼dnorm( bpriorm[j], tprior[j]) denoting βj ∼ N(mj , τ
−1
j ),

• bpriorm[j] < − (1-g[j])*mean[j] denoting mj = (1− γj)µ̄j ,

5

• tprior[j] < − g[j]*t[j]+(1-g[j])*pow(se[j],-2) denoting τj = (1 −
γj)S−1

j + γjΣ−1
j ,

for j = 1, 2, . . . , p; where mj and τj are the prior mean and precision for βj depend-
ing on γj and t[j], se[j], mean[j], bpriorm[j], tprior[j] are the BUGS
variables for Σ−1

j ,
√
Sj , µ̄j , mj and τj , respectively.

When we consider a categorical explanatory variable j with J > 2 categories then
the corresponding parameter vector βj will be multivariate with dimension dj =
J − 1. In such cases we denote by p and d(> p) the dimensions of γ and the full
parameter vector β, 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 β, takes values
from 1, 2, ..., p and denotes that kth element of the parameter vector β is associated
with the γposk

binary indicator for all k = 1, 2, ..., d.

For illustration, let us consider an ANOVA model with two categorical variables X1

and X2 with 3 and 4 categories respectively. Then, the terms under consideration
are X0, X1, X2 and X12; where X0 denotes the constant term and X12 the inter-
action between the terms X1 and X2. The corresponding dimensions are dX0 = 1,
dX1 = 2, dX2 = 3 and dX12 = dX1 × dX2 = 6. Then, we set the pos vector equal to

pos <- c ( 1, 2,2, 3,3,3, 4,4,4,4,4,4 )

to state that the first parameter corresponds to the first term (X0), parameters 2-3
correspond to the second term (X1), parameters 4-6 correspond to the third term
(X2) and parameters 7-12 correspond to the fourth term (X12). Finally, we use
another vector called gtemp of dimension d which is given by

gtemp[i] <- g[ pos[i] ]

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 β. Therefore we may write in
BUGS

• b[ ] ∼ dmnorm( bpriorm[ ], Tau[,]) denoting β ∼ Nd(m,T−1),

• bpriorm[k]< −(1-g[pos[k]])*mean[k] denoting mk = (1− γposk
)µ̄k,

• Tau[k,l] < − g[pos[k]]*g[pos[l]]*t[k,l]+

+(1-g[pos[k]]*g[pos[l]])*equals(k,l)*pow(se[k],-2) denoting that

Tkl =




[Σ−1]kl when γposk
= γposl

= 1
se−2

k when k = l & γposk
= 0

0 otherwise
for k, l = 1, 2, . . . , d;

where Nd is the d-dimensional normal distribution; mT = (m1,m2, . . . ,md) and T
are the prior mean vector and precision matrix depending on γ; µ̄k is the corre-
sponding pilot run estimate for k element of model parameter vector β; Σ is the
constructed prior covariance matrix for the whole parameter vector β when we use
for each βj the multivariate extension of prior distribution (8); Tkl and [Σ−1]kl is
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the k row and l column elements of T and Σ−1 matrices respectively; and Tau[,],

t[,] are the BUGS matrices for T and Σ−1, 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 µ̄j = 0 and Sj = Σj/k

2
j ,

where k2
j should be large enough in order that βj will be close to zero when γj = 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[j] <- t[j]*g[j]+(1-g[j])*t[j]*pow(k[j],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,j]<-x[i,j]*b[j]}}.

Kuo and Mallick sampler uses prior on β that does not depend on model indicator
γ. 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(γ). When we are vague about models we may set f(γ) = 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 γj can be
treated as a− priori independent and therefore set in BUGS

• g[j] ∼ dbern(0.5) denoting that γj ∼ Bernoulli(0.5).

for all j = 1, 2, . . . , p. This prior results to f(γ) = 2−p for all γ ∈ {0, 1}p. 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(γj |γ\j) need to be specified
in such way that f(γ) = 1/M when γ is referring to hierarchical model and f(γ) = 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(γ) = 0.20 for the above five models and f(γ) = 0 for the rest.
This can be applied by setting in BUGS
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• g[3] ∼ dbern(0.2) denoting that γAB ∼ Bernoulli(0.2).
• pi < − g[3]+0.5(1-g[3]) denoting that π = γAB + 0.5 ∗ (1− γAB),

• for (i in 1:2) { g[j] ∼ dbern(pi) } denoting that for all i ∈ {A,B},
γj |γAB ∼ Bernoulli(π).

From the above it is evident that

f([AB]) = f(γAB = 1)f(γA = 1|γAB = 1)f(γB = 1|γAB = 1)

= 0.2× 1× 1 = 0.2 ,

f([A][B]) = f(γAB = 0)f(γA = 1|γAB = 0)f(γB = 1|γAB = 0)

= 0.8× 0.5× 0.5 = 0.2 .

Using similar calculations we find that f(γ) = 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+
p∑

j=1

γj2j−1 we transform

the vector γ in a unique, for each model index (noted by mdl) for which pmdl[mdl]=1

and pmdl[j]=0 for all j 
= mdl. 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(g[ ], index[ ])

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 × 2 × 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.

8



4.1 Example 1: 3 × 2 × 4 Contingency Table

This example is a 3 × 2 × 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 1-2 3-5 6+

Low Yes 5 9 8 10
No 40 36 33 24

Average Yes 6 9 11 14
No 33 23 35 30

High Yes 9 12 19 19
No 24 25 28 29

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

The full model is given by

nilk ∼ Poisson(λilk), log(λilk) = m+ oi + hl + ak + ohil + oaik + halk + ohailk,

for i = 1, 2, 3, l = 1, 2, k = 1, 2, 3, 4. The above model can be rewritten
with likelihood given by (1) where β can be divided to βj sub-vectors with j ∈
{∅, O,H,OH,A,OA,HA,OHA}; where β∅ = m, βT

O = [o2, o3], βH = h2, βT
OH =

[oh22, oh32], βT
A = [a2, a3, a4], βT

OA = [oa22, oa23, oa32, oa33], βT
HA = [ha22, ha23]

and βT
OHA = [oha222, oha223, oha322, oha323]. Each βj is a multivariate vector and

therefore each prior distribution involves mixture multivariate normal distributions.
We use sum-to-zero constraints and prior variance Σj 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:

• g[8] ∼ dbern(0.1111) for γOHA ∼ Bernoulli(1/9).
• pi < − g[8]+0.5*(1-g[8]) for π = γOHA + 0.5 ∗ (1− γOHA),

• for (i in 5:7) { g[j]∼dbern(pi) } for γj |γOHA ∼ Bernoulli(π) for all
i ∈ {OH,OA,HA},

• for (j in 1:4) { g[j] ∼ dbern(1) } for γj ∼ Bernoulli(1) 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
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Posterior Model Probabilities (%)
Pseudopriors k=10 Pilot Run
Burn-in 1,000 10,000 1,000 10,000
Iterations 1,000 10× 10, 000 1,000 10× 10, 000
Models
[O][H][A] 62.80 68.87 65.20 67.80
[OH][A] 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
γOH = 1 37.00 30.63 34.70 31.77
γHA = 1 0.30 0.20 0.40 0.57

Table 2: 3× 2× 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
(x1), temperature (x2) and acid concentration (x3). Spiegelhalter et al. (1996b)
consider regression models with four different error structures (normal, double ex-
ponential, logistic and Student’s t4 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(µi, τ), µi = β0 + β1zi1 + β2zi2 + β3zi3, i = 1, . . . , 21

whereDi(µi, τ) is the distribution of the errors with mean µi and variance τ−1 which
here is assumed to be normal, or double exponential, or logistic or t4; where zij =
(xij − x̄j)/sd(xj) are the standardised covariates. The ridge regression approach
assumes a further restriction that the βj for j = 1, 2, 3 are exchangable (Lindley
and Smith, 1972) and therefore we have βj ∼ N(0, φ−1). We use ‘non-informative’
priors with prior precision equal to 10−3 for the independent regression and for φ
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
γj ∼ 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. (1996b).

Tables 3 and 4 provide the results from all eight distinct cases using pilot run
pseudopriors. In all cases flow of air (z1) has posterior probability of inclusion
higher than 99%. The temperature (z2) 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 t4
Constant 0.00 0.00 0.00 0.00
z1 14.12 58.48 41.19 56.46
z2 0.56 0.01 0.02 0.00
z1 + z2 81.25 38.64 55.25 40.46
z3 0.00 0.00 0.00 0.00
z1 + z3 0.63 1.75 1.35 1.82
z2 + z3 0.05 0.00 0.00 0.00
z1 + z2 + z3 3.39 1.11 2.18 1.26
Terms
γz1 = 1 99.30 99.98 99.97 100.00
γz2 = 1 84.90 39.76 57.45 41.72
γz3 = 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× 10, 000, with pilot run pseudopriors).

Ridge Regression
Models Normal D.Exp. Logistic t4
Constant 0.00 0.00 0.00 0.00
z1 3.26 22.54 14.42 13.30
z2 0.05 0.00 0.00 0.00
z1 + z2 79.79 65.00 73.32 70.92
z3 0.00 0.00 0.00 0.00
z1 + z3 0.44 1.74 1.32 1.86
z2 + z3 0.00 0.00 0.00 0.00
z1 + z2 + z3 16.46 10.72 11.01 13.92
Terms
γz1 = 1 100.00 100.00 100.00 100.00
γz2 = 1 96.50 75.72 84.33 84.84
γz3 = 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× 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

yilk ∼ Bin(nilk, pilk), log
(

pilk

1− pilk

)
= m+ ai + bl + abil + wk,

for i, l = 1, 2 and k = 1, . . . , 21; where yilk and nilk is the number of seeds germinated
and total number of seeds respectively for i seed, l type of root extract and k plate;
wk 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 Σ = 4× 2. The
prior for the precision of the random effects is considered to be a gamma distribu-
tion with parameters equal to 10−3. 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
γw ∼ 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
[A][B] 3.78 3.84 7.24 7.60
[AB] 2.80 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× 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;
#
# 3x2x4 LOG-LINEAR MODEL SELECTION WITH BUGS (GVS)
# (c) OCTOBER 1996
# (c) REVISED OCTOBER 1997
#
const

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

var
include, # conditional prior probability for gi
pmdl[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
g[terms]; # 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";
{
#
# associate g[i] with coefficients.
#

for (i in 1:N) {
gtemp[i]<-g[pos[i]];
}

#
# calculation of the z matrix used in likelihood
#

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

z[i,j]<-x[i,j]*b[j]*gtemp[j]
}

}
#
# model configuration

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

# defining model code
# 0 for independence model [A][B][C], 1 for [AB][C],
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# 2 for [AC][B], 3 for [AB][AC], 4 for [BC][A],
# 5 for [AB][BC], 6 for [AC][BC], 7 for [AB][BC],
# 15 for [ABC].
#

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

pmdl[i+1]<-equals(mdl,i)
}

pmdl[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
# ********************************
#

Tau[i,j]<-0+tprior[i,j]*(gtemp[i]*gtemp[j])+
(1-gtemp[i]*gtemp[j])*equals(i,j)/(se[i]*se[i]);

#
# Automatic proposal using prior similar to SSVS
# with k=10
# ************************************************
# Tau[i,j]<-tprior[i,j]*pow(100,1-gtemp[i]*gtemp[j]);
#
# Kuo and Mallick proposal is independent of g[i]
# [tau[i]=1/2 and bpriorm[i]=0]
# ***********************************************
#
#
# Tau[i,j]<-tprior[i,j];
#

}
#
# GVS PRIOR M FROM PILOT RUN
# **************************

bpriorm[i]<-mean[i]*(1-gtemp[i]);
#
# PRIOR M FOR THAT DOES NOT DEPEND ON G.
# *************************************
# bpriorm[i]<-0.0;

}
b[]~dmnorm(bpriorm[],Tau[,]);

#
# 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;
g[7]~dbern(include);
g[6]~dbern(include);
g[5]~dbern(include);
for (i in 1:4) {

g[i]~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.1
#
# (c) OCTOBER 1997
#
const

p = 3, # number of covariates
N = 21, # number of observations
models=8, # number of models under consideration 2^8
PI = 3.141593;

var
x[N,p], # 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
beta0,beta[p], # standardised intercept, coefficients
b0,b[p], # unstandardised intercept, coefficients
phi, # prior precision of standardised coef.
tau,sigma,d, # precision, sd and d.f. of t distribution
g[p], # variable indicators
mdl, # Model index
pmdl[models], # Vector with model indicators
mean[p],se[p], # 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 ’pt4.dat’; # Student(4) distribution
inits in "STACKS.IN";
{
# Standardise x’s and coefficients

for (j in 1:p) {
b[j] <- beta[j]/sd(x[,j]) ;
for (i in 1:N) {

z[i,j] <- (x[i,j] - mean(x[,j]))/sd(x[,j]) ;
}

}
b0<-beta0-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
# -------------------

Y[i] ~ dnorm(mu[i],tau);
#
# Double Exponential Distribution
# -------------------------------
# Y[i] ~ ddexp(mu[i],tau);
#
# Logistic Distribution
# ----------------------
# Y[i] ~ dlogis(mu[i],tau);
#
# Student t4 Distribution
# -----------------------
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# Y[i] ~ dt(mu[i],tau,d);
#

mu[i] <- beta0 + g[1]*beta[1]*z[i,1]+g[2]*beta[2]*z[i,2]
+ g[3]*beta[3]*z[i,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]<-equals(mdl,j);}

# Priors
beta0 ~ dnorm(0,.00001);
for (j in 1:p) {

#
# ******** GVS PRIORS FOR INDEPENDENCE REGRESSION ********
#
# GVS priors with proposals from pilot run
# bprior[j]<-(1-g[j])*mean[j];
# tprior[j] <-g[j]*0.001+(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(100,1-g[j])*0.001;

#
# ******** GVS PRIORS FOR RIDGE REGRESSION ********
#
# GVS priors with proposals from pilot run
# bprior[j]<-(1-g[j])*mean[j];
# tprior[j] <-g[j]*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(100,1-g[j])*phi;

beta[j] ~ dnorm(bprior[j],tprior[j]); # coefs independent

}
tau ~ dgamma(1.0E-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) { g[j]~ 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.1
#
# (c) OCTOBER 1997
#

const
terms=4, # Number of terms under consideration
models=16,# number of models under consideration 2^4
N = 21; # number of samples

var
alpha0, alpha1, alpha2, alpha12, # model coefficients
tau, sigma, # variance of random effects (tau=1/sigma)
x1[N], x2[N], # Design Column for factor a1 and a2

# here we used the STZ constraints
p[N], # Success probability for Binomial
n[N], # Total number of trials for Binomial
r[N], # Binomial data
b[N], # Random effects (standardised)
c[N], # Random effects c[i] (unstandardised)
include, # conditional model probability for

# main effects
g[terms], # terms indicator vector
mdl, # model index
pmdl[models], # model indicator
mean[terms-1], # proposal mean
se[terms-1], # proposal se
bprior[terms-1],# prior mean for model coefficients
tprior[terms-1];# prior precision for model coefficients

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

{
alpha0 ~ dnorm(0.0,1.0E-6); # intercept

for (j in 1:(terms-1)) {
# ******** GVS PRIORS ***********
#
# GVS priors with proposals from pilot run

bprior[j]<-(1-g[j])*mean[j];
tprior[j] <-g[j]/8+(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(100,1-g[j])/8;

}
#
#

alpha1 ~ dnorm(bprior[1],tprior[1]); # seed coeff
alpha2 ~ dnorm(bprior[2],tprior[2]); # extract coeff
alpha12 ~ dnorm(bprior[3],tprior[3]);
tau ~ dgamma(1.0E-3,1.0E-3); # 1/sigma^2
for (i in 1:N) {

c[i] ~ dnorm(0.0,tau);
b[i] <- c[i] - mean(c[]); # make sure b’s add to zero
logit(p[i]) <-alpha0+g[1]*alpha1*x1[i]+g[2]*alpha2*x2[i]

+g[3]*alpha12*x1[i]*x2[i]+g[4]*b[i];
r[i] ~ dbin(p[i],n[i]);

}
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sigma <- 1.0/sqrt(tau);
#
# Defining Model Code

mdl<- 1+g[1]*1+g[2]*2+g[3]*4+g[4]*8
#
# defining vector with model indicators

for (j in 1:models){
pmdl[j]<-equals(mdl,j);}

# Priors for variable indicators
g[4]~ dbern(0.50);
g[3]~ dbern(0.20);
include<-g[3]+(1-g[3])*0.5
g[2]~ dbern(include);
g[1]~ dbern(include);

}
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