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MAGHMA: MITIEYZIANH LYMIIEPAXMATOAOTI'IA

ATAAXKONTEXZ: 1. Ntlovopag, II. Toropvpting

MEPOZX II: Biooratiotiky katd Bayes ue Tty ypijon tov Aoyicuikov BUGS
Awadokov: lodvvng Ntlovepag,

AwevOvvon Hrektpovikov Tayvdpopciov: ntzoufras@aueb.gr

Iotocehioa MaOnpatoc (Mépog I1):
http://stat-athens.aueb.gr/~jbn/courses/bugs2/home.html

Ipoypdppota/MCMC Software
1. Classic BUGS 0.6,
available at nttp://www.mrc-bsu.cam.ac.uk/bugs/classic/bugs06/prog06.exe
2. WINBUGS 1.4
available at http://www.mrc-bsu.cam.ac.uk/bugs/winbugs/WinBUGS14._exe
Registration page http://www.mrc-bsu.cam.ac.uk/bugs/winbugs/register.shtml
3. CoDA
available at http://www.mrc-bsu.cam.ac.uk/bugs/classic/coda04/cdaprg04.exe

Eyyeipiowe/Manuals
1. Spiegelhalter, D., Thomas, A., Best, N. and Gilks, W. (1996). BUGS 0.5:
Bayesian Inference Using Gibbs Sampling Manual. MRC Biostatistics Unit,
Institute of Public health, Cambridge, UK.
available at http://www.mrc-bsu.cam.ac.uk/bugs/documentation/Download/manual05.pdf
2. Spiegelhalter, D., Thomas, A., Best, N. and Gilks, W. (1996). BUGS 0.5:
Examples Volume 1. MRC Biostatistics Unit, Institute of Public health,
Cambridge, UK.
available at http://www.mrc-bsu.cam.ac.uk/bugs/documentation/Download/eg05voll.pdf
3. Spiegelhalter, D., Thomas, A., Best, N. and Gilks, W.(1996). BUGS 0.5:
Examples Volume 2. MRC Biostatistics Unit, Institute of Public health,
Cambridge, UK.
available at http://www.mrc-bsu.cam.ac.uk/bugs/documentation/Download/eg05vol2.pdf
4. 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/winbugs/manual14.pdf .

Additional documentation and manuals for BUGS/CODA available at

http://www.mrc-bsu.cam.ac.uk/bugs/documentation/contents.shtml .

New examples for WinBUGS available at
http://www.mrc-bsu.cam.ac.uk/bugs/winbugs/examples.shtmi

Additional electronic material (tutorial, courses papers) for WINBUGS available

at http://www.mrc-bsu.cam.ac.uk/bugs/weblinks/webresource.shtml .
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Jackman, S. (2004). Estimation and inference via MCMC: a Resource for Social
Scientists; available at http://tamarama.stanford.edu/mcmc/ .

Ibrahim, J.G., Chen, M.-H. and Sinha, D. (2001). Bayesian Survival Analysis,
examples are available at http://merlot.stat.uconn.edu/~mhchen/survbook/.

Emmnléov IInyéc/ Additional Resources

1.

Social science: Simon Jackman's MCMC Resource for Social Scientists
features a wide range of models concerned with ordered outcomes, missing
data, random coefficients, generalized link functions, latent autoregressive
structure and so on. WinBUGS code and Splus data files are provided, as well
as tutorial papers on MCMC for social scientists.

o Web-page: http://tamarama.stanford.edu/mcmc/ .

Pharmacokinetics: David Lunn's PKBugs Page contains details of an “add-on'
to WIinBUGS for pharmokinetic modelling, developed by David Lunn at
Imperial College. This can be run using WinBUGS 1.3.

o Web-page: http://www.med.ic.ac.uk/divisions/60/pkbugs_web/home.html .
Actuarial science: Actuarial Modelling with MCMC and BUGS has been
provided by David Scollnik in Calgary, and has a range of worked examples
designed for an actuarial context but using models of much wider applicability.




An excellent tutorial paper on WinBUGS can also be downloaded - better than
the WinBUGS documentation!

o Web-page: http://www.math.ucalgary.ca/~scollnik/abcd/ .

Population genetics: Kent Holsinger's Population Genetics course
(http://darwin.eeb.uconn.edu/eeb348/) has a whole set of examples using
WinBUGS for estimating inbreeding coefficients, selfing rates, analysing
variability selection and so on. Kent also has a set of notes and WinBUGS
code (http://darwin.eeb.uconn.edu/summer-institute/summer-institute.html)
from the Summer Institute for Statistical Genetics at NC State, which form an
introduction to using WinBUGS in population genetics.

Cost-effectiveness analysis: Tony O'Hagan's Research Page contains draft
papers and WinBUGS code for running Bayesian cost-effectiveness analysis.

o Web-page: http://www.shef.ac.uk/~stlao/res.html .

Programs for analysing imperfect diagnostic tests: The Epidemiologic
Diagnostics group at UC Davis provide WinBUGS code and examples for
analyzing data derived from imperfect diagnostic test.

o Web-page: http://www.epi.ucdavis.edu/diagnostictests/downloads.html.
Complex epidemiological modelling: Tom Smith at the Swiss Tropical
Institute (http://www.sti.ch/biomet.htm) has models and documentation for 1)
A latent class model for non-parametric resolution of a two component
mixture, with a training set available for one component: 2) Two-state Hidden
Markov Model with covariates 3) A non-linear regression model with Poisson
errors in both x and y. Brad Carlin's software page also has a variety of
examples for longitudinal and spatial models
(http://www.biostat.umn.edu/~brad/software.html).

Educational testing: Dan Segall's site concerns an item-response model for
test compromise, and includes a manuscript and related WinBUGS programs.

o Web-page: http://segalld.home.netcom.com/compromise.html .

. Archeology: Andrew Millard's "WinBUGS and Bayesian tools for
Archaeology' site shows how to use WinBUGS to analyse many Bayesian
examples from the archeological literature.

o Web-page: http://www.dur.ac.uk/a.r.millard/BUGS4Arch.html .
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NMEPIEXOMENA 1ou MAOGHMATOZ

1...EIZAIQrH 2TA rENIKEYMENA
rPAMMIKA MONTEAA

2... EIZAITQrH zT10Y2 AAFrOPIOMOY2

MCMC
3... MIMEYZIANH

2YMNEPAZMATOAOI'TA ME TH XPHzH

TOY BUGS
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1... EIZAIQrH zTA rENIKEYMENA
FPAMMIKA MONTEAA

FENIKEYZH TQN MAAINAPOMIKQN
MONTEAQN

=EKINHZAN AMNO TON LEGENDRE
(1805) KAI TON GAUSS (1809)

1.1. AEAOMENA

RESPONSE VARIABLE (Y): eEapTnuévn N
evOOyeVNG METABANTA N METABANTN
anokpiong/avTidpaonc

Y €ival Tuxaia petaBAnm
EXPLANATORY VARIABLES (Xj):
AVEEAPTNTEC N €EOYEVEIC 1 ENEENYNMATIKEC
METABANTEC

X; BewpouvTal ouvrnBwg oTabepeg ano To

oxedlaopo Tou NEIPANATOC

Bayesian Biostatistics Using BUGS (1)
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1.2. 3 KYPIEZ ZYNIZTQZEZ

TYXAIA 2YNIZTQZA (random component)
Y, ~ KATANOMH( 8 )
0 : didavuopa napapeTpwv
2YZTHMATIKH ZYNIZTQ2A (systematic
component)
N = Bo+BXyit...+ BXpi

N; AEYETAI YPAUHIKOG NPoadIopIGHOG TOU
povTelou (linear predictor)

>YNAETIKH ZYNAPTHZH (link function)
O TPONOG oUVOEDNC TWV NAPANETPWY TNG
TUXAiag ouvioTwoac JE TO YPAPMIKO
npoadIiopIouo
g(8) = n; = Bo+Bi Xyt BXoi
ouvnBwc B ival 0 pEcog TG Y

Bayesian Biostatistics Using BUGS (1)
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1.3. KANONIKO MONTEAO

TYXAIA 2YNIZTQZA:

Y noooTIKA METABANTN

Y, ~ NORMAL( . , 02)
2Y2THMATIKH ZYNIZTQZA:

X; MOCOTIKEG I KATNYOPIKEG
2YNAETIKH ZYNAPTH>H

i = Ny = Bo+ByXyit...+ BX

apa ouvoETIKN ouvapTtnon: g(M)=H

1.4. MONTEAA BERNOULLI

TYXAIA ZYNIZTQZA:
Y diTiun perapAntn (0/1)
Y, ~ Bernoulli ( p;)
2Y2THMATIKH ZYNIZTQZA:
X; MOCOTIKEG I KATNYOPIKEG
2YNAETIKH ZYNAPTHZH
log ( p/(1- p)) ) = N = Bo+B:Xyi+...+ BpX,
apa ouvoeeTIkn cuvapTtnon: g(p)=Ilogit(p)

Bayesian Biostatistics Using BUGS (1) 1.5
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1.5. AIONYMIKA MONTEAA

TYXAIA ZYNIZTQZA:
Y: # enituxiov o€ oUVOAO N eNavaAnyewv
Y; ~ Binomial ( p;, n;)

2Y2THMATIKH ZYNIZTQZA:
X; MOCOTIKEG I KATNYOPIKEG

>YNAETIKH ZYNAPTHZH
log ( pi/(1- py) ) = Ni = Bo+B:Xyit+...+ BX,
apa ouvoeeTIkn cuvapTtnon: g(p)=Ilogit(p)

1.6. MONTEAA POISSON

TYXAIA ZYNIZTQZA:
Y: # eniTuxiov O€ €va Xpoviko diaoTnua
Y; ~ Poisson ( A;)
2Y2THMATIKH ZYNIZTQZA:
X; MOCOTIKEG I KATNYOPIKEG
2YNAETIKH ZYNAPTH>H
log () = ni = Bo+ByXyi+...+ BX,
apa ouvdeTIkn ouvapTtnon: g(A)=log(A)

Bayesian Biostatistics Using BUGS (1) 1.6



Ioannis Ntzoufras 1/23/2006

1.7. TENIKEZ APXEZ MONTEAONMOIHZHZ

EINAI TEXNH
OAA TA MONTEAA EINAI AAGOZ
MEPIKA MIO XPHZIMA

WAXNOYME ENA MONTEAO IMOY MNEPIMPA®EI
MEPIAHIMTIKA THN NPATMATIKOTHTA

EAEMXOYME MOAANA AIAOOPETIKA MONTEAA

MPEMEI NA I'INETAI EAEMXOZ KAAHZ
MPOZAPMOIHZ

1.8. MEPIKA IZTOPIKA zTOIXEIA

1805: LEGENDRE:
opilel Ta kaTtaloina

EkTipdel TIG napapeTpouc naAivopounong HECw
TWV EAAXIOTWV TETPAYWVWV

1809: GAUSS: Eioayel Tnv Kavovikr) Katavoun

Bayesian Biostatistics Using BUGS (1) 1.7
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1.8. MEPIKA IZTOPIKA zTOIXEIA

1805: LEGENDRE:

opilel Ta kaTtaloina
EkTindEl TIC napapETpouc NaAivopounong HECW
TWV EAAXIOTWV TETPAYWVWV

1823: GAUSS (Theoria Combinationis)
EykaTtaAeinel Tnv kavovikoTnTa
H opookedaoTikoTnTa diIaTnpei KAnoleg KaAEG
1I010TNTEC
Wedderburn (1974, biometrika) anédei&e To id1o
yia 1a GLM

1.8. MEPIKA IZTOPIKA zTOIXEIA

1919-1929: Fisher diaTtunwvel Tn Bewpia
“MeipapaTikou axediaopou” (Experimental Design).

1922: O 'EAeyxoc MepiekTikOTNTAC TOU Fisher kai
TO 10 YEVIKEUPEVO YPaPMIKO HovTEAO (RSS)

1935: H MeA£Tn BIoAOYIKA NEPIEKTIKOTNTAC TOU
Bliss. Ta povTtéAa Probit (Ann.Appl.Biol.).

1944 & 1951: O Berkston €io0ayel Ta povTeAa logit
(JASA & Biometrics)

1952 (biometrics) Dyke & Patterson spappoyn
AoyIoTIKNG NaAIvOpONNONG G KaTnyopika dedopEva

ic d nicraRl\nTer

Bayesian Biostatistics Using BUGS (1)
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Bayesian Biostatistics
Using BUGS

2...EIZAIQrH zTOYzZ AArOPIOMOYZ MCMC

Department of Statistics,

Athens University of

Economics & Business

2...EIZAIQrH zToyz
AATOPIOMOYZ MCMC

H MMEYZIANH MNMPOZEITIZH
NMPOZOMOIQ2H AMNO THN
EK-TQN-YZTEPQN (posterior) KATANOMH
O AAyopiBuoc Metropolis-Hastings
O AsiypatoAnnTng Gibbs
MAPAAEITMA AIMNAHZ NMAAINAPOMIZHZ

Bayesian Biostatistics Using BUGS (1) 1.9
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2.1. H MnevuQiavi) mpoofyyion

KAaooikn oTaTIoTIKA:
BacileTal oTnv niBavogaveia £(y|0)
(¢] §|dvuopa ngpapéprv=> AyVWOTEG NPOG
EKTIMNON NOCOTNTEC
ExTiunon yiveTal HEOW EKTINNTPIWV
OUVAPTAOEWV HE KAMOIEC KAAEG 1B10TNTEG (MN.X.
HepoAnwia)
EKTIUATPIEC BpiokovTal PEYIOTONOIWVTAG TNV
nmoéavopaveia

NAPAAEITMA: yia Y;~N(p,0%) o
M eKTINATal ano To dEIyUaTIkO PETO Y :HZ Yi

>TATIOTIKN KATa MNEuEC:
Oewpei TIC NapaPETPOUC TUXaieC HETABANTEC
Opidel ek-TwV-NPOTEPWV (prior) KATavopwyv
f8)
BacileTal oTnv ek-Twv-uoTePwV (posterior)
karavoun £(8ly)

Bayesian Biostatistics Using BUGS (1) 1.10
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MAeovekTAMATA
Mo kaBapn kal MeavoBewpnTIKA NPOCEYYION
Mnopei va oupnePIAaBel nAnpo@opia €IdIKwvV
N anoTeAéopata aAAwv peAeTwv (meta-
analysis)

MelovekTnpaTa
YNOKEIYEVIKOTNTA ANOTEAEOHATWY AOYW TNG
prior
AuoKOAIEC UNoAOYIOHOU TwV posterior
KaTtavopwv

H Ek-TwV-uoTEPWV KATavour unoAoyileTal
anod 1o Oswpnua Tou Bayes

f(8ly) =7(0,y)/ f(y)
= 1(y[8)7(8)/ f(y)
oc £(y|0)7(0)
Posterior « Likelihood x Prior

Bayesian Biostatistics Using BUGS (1) 1.11
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MAPAAEITMA: EKTIMHZH MEZOY

» Y~ N(p, 0%)
02 yvwOoTnR 0Tabepr) NoooTNTA
|~'I ~ N( |J0 / -|-2 )

F(uly) = N(w y + (1-w) o, W 0%/n)
w= T2/(T2+ 0?%/n)

2.2. MPOZOMOIQZH ANO THN
EK-TQON-YZTEPQON KATANOMH

YnoAoyIopoG TnG posterior Katavoung
gival GUOKOAOC.
>UCUYEIC EK-TWV-NPOTEPWV KATAVOUEC
(conjugate priors, 70s)
AoupnTtwTikES Mpooeyyioeic (80¢)
Mpooopoiwon peow MCMC (90¢)

Bayesian Biostatistics Using BUGS (1)
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2.2. MPOZOMOIQZH ANO THN
EK-TQON-YZTEPQON KATANOMH

MCMC
Mpolnnpxav o AANEC ENIOTAMEG
1954 Metropolis etal. (Metropolis Algorithm)

1970 Hastings (Metropolis-Hastings
Algorithm)

1984 Geman and Geman (Gibbs Sampling)

1990 Smith etal (Eqpappoyn Twv MCMC o€
Mneuiava MpoBAnparTa)

1995 Green (Reversible Jump MCMC)

2.2. MPOZOMOIQZH ANO THN
EK-TQON-YZTEPQON KATANOMH

H IAEA:

A®QOY AEN MIMOPOYME NA YINOAOI'T>OYME
THN EK-TQN-YZTEPQN KATANOMH TOTE
NA BPOYME ENA AATOPIOMO KAI NA

[MPOZOMOIQ20YME TYXAIEZ TIMEZ AlNO
AYTH

Bayesian Biostatistics Using BUGS (1) 1.13
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2.2. MPOZOMOIQZH ANO THN
EK-TQON-YZTEPQON KATANOMH

H AOT'IKH:

OTIAXNOYME MIA MAPKOBIANH AAYZIAA THZ
OlNOIAX H 2XTAZIMH KATANOMH EINAI I>H ME

TH ZHTOYMENH (EK-TQN-YZTEPQN)
KATANOMH.

KAOE BHMA E=APTATAI MONO Al1O TO
MPOHIOYMENO

XPHZIMOITOIOYME AYTH THN AAYZIAA I'TA NA
“"KATAZKEYAZOYME"” ENA AEITMA AMNO TH
2TAXIMH KATANOMH

2.2. MPOZOMOIQZH ANO THN
EK-TQON-YZTEPQON KATANOMH

H AIAAIKAZIA

OPIZOYME AYOAIPETA KAINOIEZ APXIKEX
TIMEZ 'TA TIZ NAPAMETPOYZ MAZ 6

A t=1,..., T TENNAME TIMEZ ZYMOQNA ME
TON AATOPIOMO MAZ

OTAN BEBAIQOOYME OTI H AAYZIAA MENNAEI
TIMEZ AMNO TH ZTAZIMH AIAAIKAZIA (AHAAAH
EXEI ZYTKAINEI) >TAMATAME

METAME TIZ MPQTEZ K TIMEZ ' A NA

AMO®YTOYME TYXON EMIPPOH TOY APXIKOY
2HMEIOY.

Bayesian Biostatistics Using BUGS (1) 1.14
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2.2. MPOZOMOIQZH ANO THN
EK-TQON-YZTEPQON KATANOMH

OPOAOIIA

INITIAL VALUES (APXIKEZ TIMEZ) THZ
AAYZIAAZ AETONTAL OI TIMEZ 8© ANO Oroy
=EKINAME TON AAIT'OPIOMO MAZ

ITERATION (ENMANAAHWH): KAGE
NMPOZOMOIQMENH MAPATHPHZH ANTIZTOIXEI
2E MIA ENANAAHWH TOY AATOPIOMOY

BURN-IN PERIOD: OI NEPIOAOZ MEXPI NA
APXIZOYME NA MNMEPNOYME TIMEZ AMNO TH
2TAXIMH KATANOMH

2.2. MPOZOMOIQZH ANO THN
EK-TQON-YZTEPQON KATANOMH

OPOAOIIA

CONVERGENCE (ZYITKAIZH): OTAN H
ATAAIKAZIA MAZ EXEI AQZEI TIMEZ AMNO TH
2TAZIMH KATANOMH

CONVERGENCE DIAGNOSTICS:
AIAINQZTIKOI EAEMXOI 2YTAIZHZ

EQUILIBRIUM: >TA>XIMH KATANOMH

MCMC OUTPUT: TO NPOZOMOIQMENO
AEITMA

Bayesian Biostatistics Using BUGS (1)
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2.2. MPOZOMOIQZH ANO THN
EK-TQON-YZTEPQON KATANOMH

OPOAOIIA
EMEIAH OI AATOPIGMOI MCMC BAZIZONTAI ZE
MAPKOBIANEZ AAYZIAEZ, TO NPOZOMOIQMENO
AEIFMA AEN EINAI L.I.D.
E=AAEIWH AYTOZYZXETIZHZ
BAEMOYME TIZ AYTOZYZXETIZEIZ (AUTOCORRELATIONS)
KPATAME 1 MNAPATHPHZH ANA L ENMANAAHWEIZ.
H MOXOTHTA L AETETAI THIN (AENTYNZH) THZ
ANYZIAAZ
AEMTYNZH ENOZ NMPOZOMOIQMENOY AEITMATOZ
MIMOPEI NA I'INEI KAI AOI'Q ANAAYZHZ H
AMNOGHKEYTIKOY XQPOY

2.2. MPOZOMOIQZH ANO THN
EK-TQON-YZTEPQON KATANOMH

AATOPIOMOI
AATOPIOMOZ METROPOLIS-HASTINGS

AEITMATOAHINTHZ GIBBS

Bayesian Biostatistics Using BUGS (1)
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2.2.1. AATOPIOMOZ METROPOLIS-
HASTINGS

'EoTw @°d n TpExouoa TIUN TwV NAPAUETPWV
AgiypaToAnnToupe @@ and pia karavour)
glonynonc (proposal distribution)

q (gcan | QOId) ) can old can
Yriohoyitoupe a=minj1, 2 1YAO 10 )
YEoRK TEO™ [y)a®e™ [0™)

O&cTOUNE @new= @can | e MIBavoTNTA a Kal
@new= gold ;¢ mBavoTnTa (1-a)

2.2.1. AATOPIOMOZ METROPOLIS-
HASTINGS

>uvnowg
q(gcanl gold) — N(gold, CZ)_
c2 )\éYETGI Kdl tuning parameter Kdl

ennpeadel Tn oUykAion. EmAEyeTal €101
woTe va dexouaoTe 30-40%

H niBavoTnTa anodoxnc a anAonolsital

[ fe™y
a=minql,———
fO ly)

Bayesian Biostatistics Using BUGS (1) 1.17
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2.2.2. AEIFTMATOAHNTHZ GIBBS

'EoTw 899 n TpExouoa TIUN TWV NAPAPETPWM
kai @94 =(6,°4, .., § old)T

e1new"’f(91|920|d/---r ep°|d,¥)
ejnewa(ej|elnew,___,ej_lnew,ej+lold,___, ep°|d,¥)

BN £(65]0,72%,...,0, "o, y)

2.2.2. AEIFTMATOAHNTHZ GIBBS

f(gj|elnewl___’ej_lnew,9j+lold,___, ep0|d1¥)
ovopaderal full conditional posterior
distribution kai oupBoAiGeTalf(8;|e)

Bayesian Biostatistics Using BUGS (1) 1.18
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2.2.2. AEIFTMATOAHNTHZ GIBBS

Alapopec pe M-H

¢ +00d ge kGO enavainyn

Gibbs uno-nepintwon M-H yia g()=7(6;|)

KaBe popa avavewvoupe Hia-pia TIG TIHEC

f(8;|e) pnopei va givar ayvwoTn
=> Xpnon adaptive rejection sampling yia log-convave
katavopeg (Gilks & Wild, 1992)
>Ta GLM oi posterior gival log-concave (Dellaportas &
Smith, 1993)
Xpnoiyonoleital oo BUGS

2.3 NAPAAEITMA: GIBBS SAMPLING
2THN ANAH NAAINAPOMHZH

Y, ~N(p, 02)viai=1,2,..,n
M =a+BX
0=(a,B,0%)"
PRIORS: 7(8)=/(a,B,0%)= f(a)f(B)f(0?)
f(a) = Normal(py, , 7,2
f(B) = Normal(ps , Tg?)
f(0%)=Inverse Gamma(y, 0)
av T= 02 10Te AT)=Gamma(y, d)

Bayesian Biostatistics Using BUGS (1)
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2.3 NAPAAEITMA: GIBBS SAMPLING
2THN ANAH NAAINAPOMHZH

Full Conditional Posteriors )
f(a|B, o2,y)=N| W (y =bx)+(1-w)u,,w, %j

w,= T%/(T2+0?%/n)

> %y, —anx )
f(Bla, 0%¥)=N| w. =+ (1w, w.
2% 2%
i=l i

W,= T2/(T2 +0%/ Zx?)

2.3 NAPAAEITMA: GIBBS SAMPLING
2THN ANAH NAAINAPOMHZH

Full Conditional Posteriors

f(o?|a, B,¥)=IG( y+n/2, 0+ 3(y;-a-Bx;)?/2)
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Bayesian Biostatistics
Using BUGS

3... MneiQiavn ZupnepacparoAoyia HE Th
Xpnon Tou BUGS

Department of Statistics,
Athens University of

Economics & Business

3.1. Eicaywyn: Ti givanr To BUGS

BUGS: Bayesian inference Using Gibbs
Sampling

FAwooa NPoypauudaTiopou nou opiloulE
novTeAo (mbavogaveia, prior)
YnoAoyicel Tic full conditional kai
NpooouoIWVEl ano log-convave posterior
KATAVOWEC

Bayesian Biostatistics Using BUGS (1) 1.21



Ioannis Ntzoufras 1/23/2006

3.1. Eicaywyn: Ti givar To BUGS

=ekivnoe yupw oto 1995

[Upw oTo 1998 Bynke n £kdoon yia
Windows (Winbugs)

OpeileTal og pia opada Tou MRC oT0
Cambridge (Spiegelhalter, Gilks, Best,
Thomas)

3.1. Eicaywyn: Ti givanr To BUGS

NMPOZOXH:

O AEITMATOAHINTHZz GIBBS MINOPEI
NA EINAI ENIKINAYNOz

rIATI;

Bayesian Biostatistics Using BUGS (1) 1.22
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3.1. Eicaywyn: Ti givar To BUGS

rIATI;

NAOOZ ANOTEAEZMATA ANOI'Q@ MH
2YTKAIZHZ

MOAY API'H ZYTKAIZH
KAKEZ APXIKEZ TIMEZ
KAKH EMIAOM'H MONTEAOY

YMNEP-NMAPAMETPOIOIHZH (over-
parametrazation)

2NAZIMO NEYPON

3.1. Eicaywyn: Ti givanr To BUGS

rIATI;

NAOOZ ANOTEAEZMATA ANOI'Q@ MH
2YTKAIZHZ

MOAY API'H ZYTKAIZH
KAKEZ APXIKEZ TIMEZ
KAKH EMIAOI'H MONTEAOY

YMNEP-NAPAMETPOIOIHZH (over-
parametrazation)

2NAZIMO NEYPON

Bayesian Biostatistics Using BUGS (1)
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3.1. Eicaywyn: Ti givar To BUGS

APXEIA BUGS
* .DAT:Apxeio AedopEVRV
* INI: Apxeio ApXIKQV TIHWV
* .BUG: Apxeio MovTehou
* ,CMD: Apxeio EvToAwv npooopoiwong

* LOG: Apxeio ANOTEAEOUATWV
NMPOCOMOIWONG

* OUT: Apxeio MNpoCOUOIWHEVWY TIHWV
* IND: Apxeio pe Mepiexopeva Tou *.0UT

3.1. Eicaywyn: Ti givanr To BUGS

Bayesian Biostatistics Using BUGS (1) 1.24
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3.2. Eva AnA6 MNapadsiypa oro BUGS

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

Y : Bapoc yevvnong (birthweight) evoc naidiou

X : Eninedo o1oTpIOANG (estriol) Twv eykUwv
YUVAIKQV

n=31
To ypagpnua nou akoAouBei deixvel OTI
UNAPXEl GUOXETION

3.2. Eva AnA6 MNapadeiypa oro BUGS

50

40

)
S

BIRTHWEIGHT g/100

N
S}

0 10 20 30

ESTRIOL mg/24hr
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3.2.1. Xri{ovrag To MovTtéAo

TYXAIA ZYNIZTQZA: Birth, ~ Normal(p,, 02)
2YZTHMATIKH ZYNIZTQZA: n, = a+pxEstriol,
2YNAETIKH ZYNAPTHZH: M.=n;=a+pxEstriol,
yiai=1,...,31
PRIORS (Non-informative)

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

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

f(0?)=Inverse Gamma (104, 104 ) n

f(t=02%)=Gamma (104, 10%)

3.2.2. Anpioupyia MovréAwv oro BUGS

>E *.BUG OpiCoupe To HOVTEAO Hag

EvroAég => BUGS MANUAL oeA 17-18

AOMH:
lTpokaTapkTiKo KoppdTr. dSNAWVOUNE PETABANTEG,
oTaBepeg, OedOPEVA Kal APXIKEG TIHEG
Kupiwg povreAo: €dw opiloupe niBavopaveia kai
priors

Bayesian Biostatistics Using BUGS (1) 1.26
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3.2.2. Anpioupyia MovréAwv oro BUGS

MNMPOKATAPKTIKO KOMMATI
<;>: Tehelwvel kABe evtoAn Tou BUG file
model <ovoua povréAou>;
const <o7abepd 1=#>,..., <OTAOE0AG K=#>} OPIOUOC
oTabepV NAPAUETPWV
var <uyeraBAntij 1>, ... , <peTapAnTi k>; OPICUOC
TUXAIWV PHETABANTOV
data <weraBAnrij 1>, ... , <peTaPANTI} K> Iin ‘*<ovoua
apxeiou>", <perapAntri k+1>, ... , <UETABANTII kK+A> in
‘<ovopa apyeiou2>" : opIoPOG apXEiwVv OESOHEVIV
inits in ‘<ovoua apyeiou>": opIoPOG apxeEiwv We
APXIKEC TIHEG

3.2.2. Anpioupyia MovréAwv oro BUGS

KYPIQ> MONTEAO
To Kupiwg HovTeENo apyilel kal TeAelwvel Pe {3
~ 1 OpICOUpE TIG TuXaieg HETABANTEG
<-: 100TnTa/ avdabeon
O1 KaTavopeg opidovTal oTIC OeAidec 17-18

Av BEAoupe va NePIOPICOUPE Wia KaTavoun o€ éva
didoTtnua (a,B) TOTE N Katavopn akohouBeital anod I(a,B)

Bayesian Biostatistics Using BUGS (1)
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KYPIQZ MONTEAO

mu= P£oog

H€ogog = a/b

3.2.2. Anpioupyia MovréAwv oro BUGS

Kavovikn Katavopn: y~dnorm( mu, tau )

tau= akpipeia (precision) =1/02
Fappa Karavopn: y~dgamma( a, b )

x[1] : i oToIXEIO TOU dlavUONATOC X
d[i,j] : oToixeio TnG i ypauune kai j oTANG Tou nivaka d

(1) Birth, ~ Normal(p,, 02
(2) n; = a+PxEstriol,
(3) B=n;=a+PxEstr0l;
yiai=1,...,3
PRIORS
f(a)=Normal ( 0, 10%)
f(B)=Normal ( 0, 10%)
f(T=02)=Gamma(104,
104)
o%=1/T

3.2.3. Eicaywyn Tou MovTtéAou Tou
Mapadeiyparog oto BUGS

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

} mu[i] <-atb*estriol[i]

}

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

Bayesian Biostatistics Using BUGS (1)
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3.2.3. Eicaywyn Tou MovTtéAou Tou
Mapadeiyparog oto BUGS

NMPOKATAPKTIKO KOMMATI

model examplel;
const n=31; # n=sample size
var estriol[n], # estriol level of pregnant woman
birth[n], # birthweight
muln], # regression expected value
a,b,tau,s2; # model parameters,
# tau = precision, s2=1/tau varianc
data estriol,birth in "estriol.dat”";
inits in “estriol.in”;

3.2.4. NMpooopoiwvovTag ATTO TNV
posterior

ENTOAEZ NMPOZOMOIQZHZ (oeA 31, BUGS MANUAL)
bugs [enter] ZEKINHMA TOY BUGS
compile(“estriol .bug”) TZEKAPEI TH ZYNTA=H TOY MONTEAQY,

BPIZKEI TIZ CONDITIONALS KAI

TIZ APXIKEZ TIMEZ
update(1000) MNMPOZOMOIQNEI 1000 TIMEZ
monitor(a)
monitor(b) AMO TH ZTIFMH AYTH ANMOG®HKEYEI
monitor(s2) TIZ MPOZOMOIQMENEZ TIMEZ
monitor(s2,10) AMOGHKEYZH ANA 10 (THIN=10)

Bayesian Biostatistics Using BUGS (1)

1/23/2006
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3.2.4. NMpooopoiwvovTag ATTO TNV
posterior

ENTOAEZ NMPOXOMOIQ>HZ (oeA 31, BUGS MANUAL)

update(1000) MPOZOMOIQNOYME 1000 TIMEZ
stats(a) STATIZTIKOI AEIKTEZ

stats(b) }TQN MPOZOMOIQMENQN TIMQN
stats(s2) (THZ posterior KATANOMHZ)
diag(a)

diag(b) ATATNQZTIKO TEZT ZYTKAIZHZ
diag(s2)

aO E=OAOZ AMNO TO BUGS

EDIT BUGS.LOG BAEMOYME OAA TA ANOTEAEZMATA
EDIT BUGS.IND MEPIEXOMENA BUGS.OUT

EIXAFOYME TO BUGS.OUT XE ZTATIZTIKO MNAKETO I'TA ANAAYZH

3.2.4. NMpooopoiwvovTag ATTO TNV
posterior

MPOZOMOIQZH >TO MAPAZKHNIO
IPAPOULE TIC EVTOAEC £va apyeio pe kataAnén CMD ny.
Examplel.cmd
TPEXOUHE TO HOVTENO OTO MNAPACKNVIO HE TNV EVTOAN
backbugs <ovopa apxeiou CMD>
n.x. backbugs example.cmd

Ta anoteAéopaTta Ta BAENOUE e ToV idI0 TPOMO ONWG
napanavw onA.

EDIT BUGS.LOG BAEMOYME OAA TA
AMOTEAEZMATA
EDIT BUGS.IND MEPIEXOMENA BUGS.OUT

CISACON/NE TO DLICC AT SEC STATISTIV O OOAVETOCTIA

Bayesian Biostatistics Using BUGS (1)
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20 25 30

15

AIATPAMMA 1:
Trace of Posterior Values

Simulated Values

A A gy P
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Iterations

ENAEIZH MH ZYTKAIZHZ KAI YWHAQN

AYTQZYZIXETIZEQN

beta
02 06 10

Sigmar2
30 50
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Simulated Values
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AIArPAMMA 2:
EProAiKol MEzOI

ERGODIC MEAN
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ERGODIC MEAN
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AIATPAMMA 3:

AYTOZYZXETIZEIZ ITlIA THN NAPAMETPO a

Series : a
g,
; 1‘0 1‘5 2‘0 2‘5 3‘0
Lag
AIATPAMMA 4:
AYTOZYZXETIZEIZ IFlIA THN NAPAMETPO B
Series : b
qUI R R T
; 1‘0 1‘5 2‘0 2; 3‘0
Lag
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AIATPAMMA 5:

AYTOZYZXETIZEIZ A THN NAPAMETPO o2

0.6 0.8 1.0

ACF
0.4

0.2

0.0

Series : s2

3.2.4. NMpooopoiwvovTag ATTO TNV
posterior

AIOPOQ2H THZ AYTOXZY2XETIZHZ
(1) AY=ANOYME TO AIAZTHMA AEMNTYNZHZ
(Thin=25)

2TO CMD APXEIO TOY BUGS

monitor(a,25)
monitor(b,25)

Bayesian Biostatistics Using BUGS (1)
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AIATrPAMMA 6:
Trace of Posterior Values
(5000 Iterations, Thin=25)

Aot b, ol

15 20 25 30

0 50 100 150 200
1:200
° 0 50 100 150 200
1:200
0 50 100 150 200
1:200
AIATrPAMMA 7:
AYTOZYZXETIZEIZ
(5000 Iterations, Thin=25)
Series : al
g T
0 5 10 15 20
Lag
Series : bl
0 5 10 15 20
Lag
Series : s21
; g -~ - -
0 5 10 15 20
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3.2.4. NMpooopoiwvovTag ATTO TNV
posterior

AIOPOQ>H THZ AYTOZY2XETIZHZ

(2) AAMMAZOYME THN MAPAMETPOINOIHZH TOY
MONTEAQY

ADAIPEZH TOY MEZQY ANO KAGE EME=HMHMATIKH
METABAHTH BOH®GAEI >TH ZYTKAIZH APA
i = a*+B(x - X)
a= a*-B x

3.2.4. NMpooopoiwvovTag ATTO TNV
posterior

AIOPOQ>H THZ AYTOZY2XETIZHZ

(2) AAMMAZOYME THN MAPAMETPOINOIHZH TOY
MONTEAQY

AOAIPEZH TOY MEZOY AMNO KAGE EME=HMHMATIKH
METABAHTH BOHOAEI >TH ZYTKAIZH APA 2TO
BUGS
mufi]) <-
a.star+b*(estriol[i]-mean(estriol[]));
a<-a.star-b*mean(estriol[]);
a.star~dnorm(0.0, 1.0E-04);

Bayesian Biostatistics Using BUGS (1) 1.35
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b2

522

15 20 25 30

02 06 10

10 30 50

AIATPAMMA 8:
Trace of Posterior Values
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AIATPAMMA 9:

AYTOZYZXETIZEIZ
Series : a2

Lag
Series : b2
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Series : s22
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AIArPAMMA 10:

IZTOFPAMMATA POSTERIOR TIMQN
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3.2.5. NMpooopoiwon oro NMNapacknvio

AHMIOYPFOYME ENA APXEIO ME TIZ NMPOHIOYMENES ENTOAES
(ESTRIOL.CMD)

MPOZOMOIQNOYME TIMEZ ME BACKBUGS ESTRIOL.CMD XTON
KATAAOIO TOY BUGS

BAEMNOYME TA AMNOTEAEZMATA 2TO APXEIO BUGS.LOG

3.3. Mapadaiypa 2: MovréAa yia
Aiwvugika Aedopéva

MAPAAEITMA 12, BUGS EXAMPLES vol 2 ceA. 43

Bliss (1935)
EkBEToupE 8 OpdadeC evTOpwY Ot dlagopeTika enineda Carbon dislphide
Kal KaTaypagpoupe

ZuykévTtpwon (X))

>uvoAikoG ApIBOG evTopwy aTnv opada (n;)

ApIBlOG evTopwy nou aneBinaav (r,)

Bayesian Biostatistics Using BUGS (1) 1.38
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3.3. Mapadaiypa 2: MovréAa yia
Aiwvupika Aedopéva

for (i in 1:n) {
(1) r, ~ Binomial(p,, n;) r[i]~dbinom(p[i],n[i])
(2) ni = a*+B(x;- X
(3) logit(p;) =n;
yiai=1,...,8
PRIORS
f(a)=Normal ( 0, 10%) a~dnorm(0.0,1.0E-04)
f(B)=Normal ( 0, 10*) b~dnorm(0.0,1.0E-04)
a=a*-B x
LINK FUNCTIONS
logit(p)=log{p/(1-p)}
probit(p)=®-'(p)
cloglog(p)=log(-log(1-p))

} logit(p[i])<-a.star+b*x[i]
}

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

3.3. Mapadaiypa 2: MovréAa yia
Aiwvugika Aedopéva

MEPIKA 2XOAIA
ANAMENOMENEZ TIMEZ YINMOAOITZONTAI Q2
r.hat[i]<-n[i]*p[i];
ODDS RATIO I'TA LOGIT MODELS
odds.ratio<-exp(b);

Bayesian Biostatistics Using BUGS (1)
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3.4. Napadseiypa 3: MovréAa yia AiTipeg
MeTaBAnTég

'Eva deiypa NAIKIWPEVWY aTOPWV €EETACTNKAV
WUXIATPIKA av €X0UV KAMola CUPNTWHATA YNPATEIDV
(senility symptoms).

Mia ene€nynuaTikn JeTaBAnTn €ival eival To okop o€ €va
UNo-TEOT TNG KAiakag evhAikng euguiac Wechsler
(Wecshler Adult Intelligence Scale - WAIS).

Na BpeBei noio x avTioTolxei o p=1/2 kai va Bpebei kai

n posterior kaTavoun TnG MOavoTNTac yia Karnoiov Je
WAIS ioo pe To JEoo 0po

3.4. Napadseiypa 3: MovréAa yia AiTipeg
MeTaBAnTég

MEPIKA 2XOAIA
To povTENO
for (i in 1:n) {
symptom[i]~dbern( p[i] );
logit( p[i] ) <- a+b*wais[i]; }
To x yia p=1/2 BpiokeTal w¢
x.half<- -a/b;
To noocoaTo yia kanolov e pEco akop WAIS
p.mean<-
exp(atb*mean(xX[1))/ (1+exp(atb*mean(X[1)));

Bayesian Biostatistics Using BUGS (1) 1.40
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3.5. MNapadeiypa 4: MovréAa Poisson
yia 2x2 Mivakeg Zuvapeiag & H
Posterior Karavopn Tou Odds Ratio

Mahon et.al. (1970) bulletin of the world health
organazation

MeAETN yia TNV miBavn BeTIKR oxeon PETAEU nAIKiag oTnv
1n yévva Kal Kapkivou Tou PacTo.
O1 nepINTWOEIC (cases) NPoEpXovTal ano enIAEYPEVa

voookopeia oTic HMA, EAAGda, MNouykooAaBia,
BpaliAia, TaiBav & Ianwvia

O1 MapTupec (controls) emAExBNKkav ano yuvaikes Pe
OUYKpIoIun nAIkia anod Ta idia voookoeia

3.5. MNapadeiypa 4: MovréAa Poisson
yia 2x2 Mivakeg Zuvapeiag & H
Posterior Karavopn Tou Odds Ratio

AGE AT FIRST BIRTH
STATUS Age>29 (1) | Age<30 (0)
Case (1) 683 2537
Control (0) 1498 8747

Bayesian Biostatistics Using BUGS (1) 1.41
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3.5. MNapadeiypa 4: MovréAa Poisson
yia 2x2 Mivakeg Zuvapeiag & H
Posterior Karavopn Tou Odds Ratio

Status Age Counts
1 1 683
1 0 2537
0 1 1498
0 0 8747

3.5. MNapadeiypa 4: MovréAa Poisson
yia 2x2 Mivakeg Zuvapeiag & H
Posterior Karavopn Tou Odds Ratio

TO MONTEAO
for (i in 1:4) {
counts[i]~dpois(lambda[i]);
log (lambda[i])<-mu+
a*status[i]+b*age[i]+ab*status[i]*age[i];
by
ODDS RATIO

odds.ratio<-exp(ab);

Bayesian Biostatistics Using BUGS (1) 1.42
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3.6. Mapadeiypa 5:

ExTipnon koivou Odds Ratio og 2x2xJ
Mivakeg Zuvapeiag

> nivakeg 2x2xJ n ekTipgnon evog koivou OR yiveral and To
Maentel-Haenzel ORy,=(Za,d/n;)/(Zbc/n;)

Sandler, Everson & Wilcox (1985) Amer.Journal of Epidemiology
MeAETN We 518 kapkivonaBeic e nAikieg 15-59 kal 518 papTupeC
(opada eAéyyou) Taipiaouévol (matched) we npoc UAo Kal

nAIkia

2Kkonog: eKTiuNoN TNG enidpaonc Tou NadnTikoU kanviopyaTog aTov
KivOUVO eUpaviong kapkivou. To nabnTikd KANVIOPA OPIoTIKE
BeTIkG av n oUluyog kanvile TouhaxioTov 1 TOlyapo NUEPNOIWG
TOUG TEAEUTAIOUG 6 MINVEG.

JUyXUTIKOG napayovtag (confounder) av To id10 dTopo kanvilel

3.6. Mapadeiypa 5:

ExTipnon koivou Odds Ratio og 2x2xJ
Mivakeg Zuvapeiag

Non Smokers (0) Smokers (1)

Smoker (1) | Smoker(®) | Smker (1) | Smoker (0)
Case(1) 120 111 161 117
Control (0)) 80 155 130 124

Bayesian Biostatistics Using BUGS (1)
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3.6. Mapadeiypa 5:
ExTipnon koivou Odds Ratio og 2x2xJ
Mivakeg Zuvapeiag

KANOYME AYO ANAAYZEIZ

ANAAYZH 1:

XEIPIZOMAZTE =EXQPIZTA TON KAGOE MINAKA
KAI EKTIMOYME ENA ODDS RATIO I'A KAGE
MINAKA (OMNQZ MAPAAEITMA 4)

SYTKPINOYME TIS POSTERIOR KATANOMES
TOYS

ANAAYZH 2:
XEIPIZOMASTE ZEXQPISTA TON KAGE MINAKA

EKTIMOYME ENA KOINO ODDS RATIO I'TA KAGE
MINAKA

3.6. Mapadeiypa 5:
ExTipnon koivou Odds Ratio og 2x2xJ
Mivakeg Zuvapeiag

ANAAYZH 1:

[MPOKATAPTIKO KOMMATI
var .., b[2,4], or[2];

MONTEAO
#model for 1st table (honsmokers)
for (i in 1:4) {
counts[i]~dpois( lambda[i] );
log(lambda[i])<-b[1,1]+b[1,2]*status[i]
+b[1,3]*passiveli]

+b[1,4]*status[i]*passivel[i];

Bayesian Biostatistics Using BUGS (1)
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3.6. Mapadeiypa 5:
ExTipnon koivou Odds Ratio og 2x2xJ
Mivakeg Zuvapeiag

ANAAYZH 1:
[MPOKATAPTIKO KOMMATI
var .., b[2,4], or[2];

MONTEAO

#model for 2nd table (smokers)
for (i in 5:8) {
counts[i]~dpois( lambda[i] );
log(lambda[i])<-b[2,1]+b[2,2]*status[i]
+b[2,3]*passiveli]

+b[2,4]*status[i]*passivel[i];

3.6. Mapadeiypa 5:
ExTipnon koivou Odds Ratio og 2x2xJ
Mivakeg Zuvapeiag

ANAAYZH 1:
NMPOKATAPTIKO KOMMATI
var .., b[2,4], or[2];

MONTEAO

#priors

for (i in 1:2){
for (J in 1:p){
b[i,j]~dnorm(0.0, 1.0E-04)
}

Bayesian Biostatistics Using BUGS (1)
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3.6. Mapadeiypa 5:
ExTipnon koivou Odds Ratio og 2x2xJ
Mivakeg Zuvapeiag

ANAAYZH 2:
MONTEAO

#model for 1st table (nhonsmokers)
for (i in 1:4) {
counts[i]~dpois( lambda[i] );
log(lambda[i])<-b[1,1]+b[1,2]*status[i]
+b[1,3]*passivel[i]
+b[1,4]*status[i]*passive[i];}
#model for 2nd table (smokers)
for (i in 5:8) {
counts[i]~dpois( lambda[i] );
log(lambda[i])<-b[2,1]+b[2,2]*status[i]
+b[2,3]*passive[i]
+b[2,4]*status[i]*passive[i];

}

3.6. Mapadeiypa 5:
ExTipnon koivou Odds Ratio og 2x2xJ
Mivakeg Zuvapeiag

ANAAYZH 2:
MONTEAO

#model for 1st table (nonsmokers)
for (i in 1:4) {
counts[i]~dpois( lambda[i] );
log(lambda[i])<-b[1,1]+b[1,2]*status[i]
+b[1,3]*passivel[i]
+ ab “*status[i]*passive[i]:}
#model for 2nd table (smokers)
for (i in 5:8) {
counts[i]~dpois( lambda[i] );
log(lambda[i])<-b[2,1]+b[2,2]*status[i]
+b[2,3]*passive[i]
+ ab “*status[i]*passive[i];

}

Bayesian Biostatistics Using BUGS (1)
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3.6. Mapadeiypa 5:
ExTipnon koivou Odds Ratio og 2x2xJ
Mivakeg Zuvapeiag

ANOTEAEZMATA
95%o posterior
MLE Posterior Mean credible interval

ANAAYZH 1

OR, 2.09 2.07+0.036 1.47 - 3.09

OR, 1.31 1.33#£0.022 0.97 -1.88
ANAAYZH 2

Common

ORy4 1.63 1.61 + 0.0087 1.27 - 2.06

AIATPAMMA 12:
EKTIMQMENEZ POSTERIOR KATANOMEZ

TQN ODDS RATIOS

OR;, ( KanvioT€g)

15

OR, (Mn KanvioTég)

1.0

Density

0.5

QOdds Ratio Values
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Density

AIArPAMMA 13:

EKTIMQMENEZ POSTERIOR KATANOMEZ

TQN ODDS RATIOS

OR; (KanvioTég) . Koivé OR

15
!

i/ \\ \ OR, (Mn KanviaTc)

1.0

0.5

0.0
|

Odds Ratio Values

Bayesian Biostatistics
Using BUGS

TEAOZ EIZANQrikoy
MAOHMATOZ

ENMOMENO: WINBUGS

E-mail: ntzoufras@aueb.gr

Department of Statistics,

Athens University of

Economics & Business
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IMMAPAPTHMA A (1 MAOGHMATOY): TAPAAEIT'MATA BUGS

1 EXAMPLE 1: BIRTHWEIGHT & ESTRIOL LEVEL

1.1 Model (Bug file)

model examplel;
const n=31; # n=sample size
var estriol[n], # estriol level of pregant woman
birth[n], # birthweight
mu[n], # regression expected value
a.star,a,b,tau,s2; # model parameters,
# tau = precision, s2=1/tau error variance
data estriol,birth in "estriol._dat";
inits in "estriol2.ini”;
{
# definition of likelihood function
#
for (i in 1:n) {
birth[i]-dnorm( mu[i], tau ); # random component
# systematic component & link function
mu[i]<-a.star+b*(estriol[i]-mean(estriol[]));

# prior distributions

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[]);

}

1.2 Initial Values (estriol2.ini)
list(a.star=0.0, b=0.0, tau=1.0)

1.3 Data (estriol.dat)

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
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24

2

2.1 Model (Bug file)

EXAMPLE 2: BEETLES DATASET

model beetles;

co
N
va

r[N],p[N],X[N],n[N],alpha,alpha.star,beta,r_hat[N], odds.ratio;
r in "beetles.dat";

nst

= 8;

r

data x, n,

inits in "beetles.in";

{

for (i

}
b

alpha

}

2.2

2.3 Data (beetles.dat)

in 1:N) {
rfi] ~ dbin(pLi]l, n[il);

# number of doses

logit(p[il)

r.hat[i] <- p[i]*n[i];

alpha.star ~ dnorm(0.0, 1.0E-3);

~ dnorm(0.0, 1.0E-3);

<- alpha.star - beta*mean(X[]);
odds.ratio <- exp( beta )

eta

1.6907

RPRRRRRR

.7242
. 7552
.7842
-8113
-8369
-8610
-8839

59
60
62
56
63
59
62
60

Initial Values (beetles.ini)
list(alpha.star=0, beta=0)

6
13
18
28
52
53
61
60

<- alpha.star + beta*(x[i]-mean(x[1));
# fitted values
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3 EXAMPLE 3: WAIS & SENILITY SYMPTOMS

3.1 Model (Bug file)
model example3;

const n=54; # number of observations
var wais[n], # wails measurement
symptom[n], # symptom binary indicator
p[n], # probability of symptom appearance
alpha, # alpha parameter
beta, # beta parameter
odds.ratio, # odds ratio
x.Fifty, # value of x for p=1/2
p.meanx; # fitted probability for x=mean(x)

data wais, symptom in "wais.dat";

inits in “"wais.ini”";

{

# Likelihood Definition

for (i in 1:n) {

# random component
symptom[i]~dbern( p[i] );

# systemantic component & link function
logit( p[i] ) <- alpha + beta * wais[i];

calculation of odds ratio
odds.ratio<-exp(beta);

# priors for alpha and beta
alpha~dnorm(0.0, 0.00001);
beta~dnorm(0.0, 0.00001);

H*

# x.Fifty
x.Fifty<- -alphas/beta
# symptom probability for mean of observed wais

p.meanx<-exp( alpha+beta*mean(wais[]) )/
(1+exp(alphat+beta*mean(wais[]) ) )

}

3.2 Initial Values (wais.ini)
list( alpha=0.0, beta=0.0 )

3.3 Data (wais.dat)

9
13
6
8
10
4
14

11

N
IS
O0OO0OO0OO0OO0O0O0O0ORRRRRRRERRRRERRR
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4 EXAMPLE 4: BREAST CANCER & AGE AT 1 BIRTH

4.1 Model (Bug file)

model example4;
const n=4;
var status|[n],
age[n],
counts[n],
lambda[n],
mu,
a,
b,
ab,
odds.ratio; #

HHHFEHHHHFHH

number of cells

study group (1=case, O=control)

age at 1st birth (0O=age<30, l=age>29)
cell counts

expected number of cells

constant parameter

status effect

age effect

interactio between status and age
odds ratio

data status, age, counts in "breast.dat”;
inits in "breast.ini”;

{
# Likelihood Definition
for (i in 1:n) {
# random component
counts[i]~dpois( lambda[i] );
# systemantic component & link function

log( lambda[i] ) <- mu + a*status[i] +b*age[i]+

ab*status[i]*age[i];

# calculation

odds.ratio<-

of odds ratio
exp(ab);

# priors for model parameters
mu~dnorm(0.0, 0.00001);

a~dnorm(0.0,
b~dnorm(0.0,

0.00001);
0.00001);

ab~dnorm(0.0, 0.00001);

}

4.2 Initial Values (breast.ini)
list(mu=0,a=0,b=0,ab=0)

4.3 Data (breast.dat)

11 683
1 0 2537
0 1 1498
0 0 8747
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S EXAMPLE §: 2x2x2 COMMON ODDS RATIO ESTIMATION: PASSIVE
SMOKING & CANCER ADJUSTING FOR SMOKING STATUS

5.1 ANALYSIS 1: DIFFERENT RISK PER SMOKING STATUS

511 Model (Bug File)

model ex5notcommonOR;
const n=8,

p=4;
var

smoking[n],

status[n],

passive[n],

counts[n],

b[2,p],

lambda[n],

or[2];
data smoking, status, passive, counts in "smoke.dat";
inits in "smoke.ini";
{
#
# model for 1st table (nonsmokers)

for (i in 1:4) {
counts[i]~dpois( lambda[i] );
log(lambda[i])<- b[1,1] + b[1,2]*status[i] +
b[1,3]*passive[i] + b[1l,4]*status[i]*passive[i];
}

#
# model for 2nd table (smokers)
for (i in 5:8) {
counts[i]~dpois( lambda[i] );
log(lambda[i])<- b[2,1] + b[2,2]*status[i] +
b[2,3]*passive[i] + b[2,4]*status[i]*passive[i];
}

# priors
for (i in 1:2){
for (g in 1:p){
b[i,j]~dnorm(0.0, 1.0E-04)
}

# odds ratios
or[1]<-exp(b[1,4])
or[2]<-exp(b[2,4])

¥

5.1.2 Initial Values (smoke.ini)
list(b=c(0,0,0,0,0,0,0,0))

513 Data (smoke.dat)

011120

010 111

00180

0 0 0 155

111 161

110 117

101 130

100 124

1.54



5.2 ANALYSIS 2: COMMON RISK PER SMOKING STATUS

521 Model (Bug File)

model ex5commonOR;
const n=8,

p=4;
var

smoking[n],

status[n],

passive[n],

counts[n],

b[2,p-1],

ab,

lambda[n],

or;
data smoking, status, passive, counts iIn "smoke.dat";
inits in "smoke2.ini~;
{
#
# model for 1st table (nhonsmokers)

for (i in 1:4) {
counts[i]~dpois( lambda[i] );
log(lambda[i])<- b[1,1] + b[1,2]*status[i] +

b[1,3]*passive[i] + ab*status[i]*passive[i];

#
# model for 2nd table (smokers)
for (i in 5:8) {
counts[i]~dpois( lambda[i] );
log(lambda[i])<- b[2,1] + b[2,2]*status[i] +
b[2,3]*passive[i] + ab*status[i]*passive[i];

# priors
for (i in 1:2){
for (g in 1:p-1){
b[i,j]~dnorm(0.0, 1.0E-04);

}
}
ab~dnorm(0.0, 1.0E-04);
# odds ratios
or<-exp(ab)
}
5.2.2 Initial Values (smoke2.ini)

list(b=c(0,0,0,0,0,0),ab=0)
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Bayesian Biostatistics -5’-
Using BUGS T

Bilo-ZrarioTikl kara Bayes
HE TN Xpnon Tou AoyioHIKOU
BUGS

MAGHMA 2: EIZAMQrH 10
WINBUGS

I. Ntzoufras

Department of Statistics,

Athens University of

E-mail: ntzoufras@aueb.gr

Economics & Business

4... WINBUGS version 1.4

4.1. Eicaywyn: AiIapopEG ano 1o
BUGS.

4.2. 'Eva AnAo Mapadsiypa.

4.3. Kafopiopog Neag MBavopaveiag
kai Prior [povo oto WINBUGS].

4.4. NMpooopoiwon oro NMapaoknvio
[povo oTo 1.4].
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4... WINBUGS
4.1. EISArQrH: AIA®GOPES ME TO KAAZ3IKO BUGS

[evika n Aoyikn €ival idla YE TO KAAOTIKO
BUGS

EninAgov veeg pebodoAoyiec kal aAyopiOpol
(Metropolis-Hastings kai Slice Gibbs)

papoupe kaTeuBeiav To KWOIKA YIA TO «KUPIWC
OVTEAO»

Aev xpelalOPaoTe TO NPONAPACKEUACTIKO KWOIKA
(preamble).

4... WINBUGS
4.1. EIZArQrH: AIA®GOPEZ ME TO KAAZ2IKO BUGS (2)

[pa@Ikn avanapdoTacn Tou PHOVTEAOU HECW TOU
DoodleBUGS

®IAIKG Pevou yia TO XEIPIOUO TNG NPOCOMOIWONG
MnopoUpE va £XOUNE KaTeUBsiav nepiypaPikn

avaAuon kai diaypappara Tne posterior
KATAVOWNC

Ynapyel duvaTtoTnTa «Anokonnc Kai
enikoAnonc» (Cut/paste) o€ aA\a npoypauuaTa

Bayesian Biostatistics Using BUGS (2)

1/23/2006
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4... WINBUGS
4.1. EISArQrH: AIA®OPES ME TO KAAZSIKO BUGS (3)

Mnopouye va opicoupe MBavopaveia kai Prior
nou e oupnepIAayBavovTal oTnv
npokaBopiopevn Aiota Tou WINBUGS

>Tnv €kdoon 1.4 ynopoUE va NPOCOUOIWCOUNE
OTO NApacknVvio kATl nou yivotav oto BUGS
aAAa ox1 otov WINBUGS 1.3

4... WINBUGS
4.2. ' Eva AmrAO lMNapadsiyua

Green & Touchston (1963, Am.Jour. Of
Obsterics & Gynecology)
MeAETAUE TN OXEON WETAEU
Y : Bapog yevvnong (Birthweight)
X : Eninedo EoTpioAng Tng puntepag (Estriol level)
Meyebog AciypaTtog n=31

Bayesian Biostatistics Using BUGS (2)

1/23/2006
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4... WINBUGS
4.2.1. Opioudg rou MovréAou oro WINBUGS

=ekIvape 1o WinBUGS
EriAeyoupe “New"” oTo pevou file

B wWinBUGS13

File Toolz Edt Attibutes Info Model Inference Options Doodle Tewt Window Help
Ctrl+M

I[=1 E3
Open... Chrl+0 =
Save [Etrl5
Save Aiz...
LCloze
Page Setup..

iated documentation whether electronic of printed
PACKAGE" is made available under & licence

only in accordance with the terms of thet agreement.
een you (the Licensee), and MRC and Imperial

gy and Medicine (the Licenser). The terms of the licence are
=

Erint Chl+P

Send Document..
Send Nate...

E it

Uszers are required to register and to pay a fee for the use of the

WInBUGS PACKAGE. Detailz of fees and the procedure for

redistration and acceptance of the licence terms is provided here.

There is no fee payable for the use of the demonstration (rternet) version of the
WInBUGS package. Users of the demonstration verzion of the WinBUGS

clatotbe fl ot o

4... WINBUGS
4.2.1. Opioudg rou MovréAou oro WINBUGS

[pa@oupe Tov KwdIKa TOU JOVTEAOU

EﬂWinBUES13 - [untitled1]
@ File Ioolslgdit Attributes  Info Model  Inference  Options Doodle  Text Window Help

model estriol,
{
# definition of likelihood function
#
for (iin1:n){
birthli]~dnormi mu[i], tau J; & random component
muli]=-a.star+b*(estriolli]-meaniestrial 1T, # systematic component
# & link function
¥
# prior distributions
#

a.star~dnorm( 0, 1 .0E-04 3 # normal priar for a

brdnormi 0,1 0E-04 3 # noemal prior for b

tau~dgammal 1 0E-04 | 1 0E-04 3, # gamma prior for precision
s2=-1fau;

a=-a.star-b*meaniestricl]]);

.

Bayesian Biostatistics Using BUGS (2) 2.4
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4... WINBUGS

4.2.1. Opioudg rou MovréAou oro WINBUGS

[pApoupe Tov KwOIKA TOU HOVTEAOU

AkoAouBoUPEVO ano TIC APXIKEC TIHEC
list(a.star=0.0, b=0.0, tau=1.0)

Kal Ta OedOMEVA
list (n=31)
estriol[] birth][]
7 25

9 25

24 43

END < [ENTER] } IIPOZOXH: AYTO AEN XPEIAZETAI

J[ENTER] ITO WINBUGS 1.3

4... WINBUGS
4.2.2. lMpooouoiwon oro WINBUGS

Ein=31)
estriol]] birth(]
T

Bayesian Biostatistics Using BUGS (2)

1/23/2006
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4... WINBUGS
4.2.2. llpooouoiwon oro WINBUGS

1... 'EAeyxoc Tou MovTtelou (Check Model)

BAwWinBUGS13

File Toolz Edit Atftnbutes Info Model Inference Options Doode Text ‘Wwindow Help

a estriol H=] B3

l’nodel extriol, 3‘
i

# defintion of likelihood function

*
for (iin1:n {
birth{i]~drorme mufi], tau ); # rancom componernt
mui]=-a.star+b*(estriol[ij-mean(estriol]])); # systematic component

#  &link function
¥
* prior distributions

a.star~dnormi 0, 1.0E-04 3; # normal prior for &
brdnorm O, 1.0E-04 3; # normal prior for b

4 | Bl

4... WINBUGS
4.2.2. llpooouoiwon oro WINBUGS

1... 'EAeyxoc Tou MovTtelou (Check Model)

MAYPIZOYME (ue double click) THN ENTOAH model

B WinBUGS13

Fle Tools Edit Attibutes Info Model Inference Options Doodle Test “Window Help

& estriol =]

far (iin1:n){
birth{il~dnorm( muli], tau 3, # random component
mui]=-a.star+h* estriolli]-meaniestriall]1); # systemstic component
# & link function
¥
# prior distributions
#
& star~dnormi 0, 1.0E-04 7, # normal prior for &
brdnormi 0, 1 .0E-04 3, # normal prior for b
. : P S - -
| | H 4

Bayesian Biostatistics Using BUGS (2) 2.6
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4... WINBUGS
4.2.2. llpooouoiwon oro WINBUGS

1... 'EAeyxoc Tou MovTtelou (Check Model)

ENIAETOYME “SPECIFICATION” AIIO TO MENOY “MODEL”

L EwinBUGS13
Eile Tools Edit Attibutes Info | Model Inference Options Doodle Test Window Help

estriol, Hpdater -
i —

#  definition of lkelihood funct| (SN FAEL
#

for (iin 1:m) { Save State
hirth[il~dnarmg muli], ta Geed

mulil=-a.star+b*estriolaem——— | systematic component
#  &link function

# pricr distributions

a.star~dnorm( 0, 1.0E-04 ); # normal prior for a
b~cdnormi O, 1.0E-04 7 # normal prior for b

< |

4... WINBUGS
4.2.2. llpooouoiwon oro WINBUGS

1... 'EAeyxoc Tou MovTtelou (Check Model)

EIITAETOYME TO KOYTI “CHECK MODEL”

EawWinBUGS13
File Toolz Edit Atributes |nfo Model Inference  Optionz Doodle Test Window  Help

estnol O]
estrial;

H Eﬂﬁpecilicalion Tool
# definttion of likelihood function
#

(check madel |D |mad data |
for (iin1:n) {

birth[i]~drnormi mufi], tau ) &

mulil=-a star+b*estriolli]-me carpilE | nium of-:hain8|1

# &l

) = . -
#  prior distributions 4”‘5'1 v | torchan T

#
astar~dnorm( 0, 1.0E-04 3, # nol dEr it |
b~dnorm( 0, 1.0E-04 ); # normal

1] |

Bayesian Biostatistics Using BUGS (2) 2.7
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4... WINBUGS
4.2.2. llpooouoiwon oro WINBUGS

1... 'EAeyxoc Tou MovTédou (Check Model)

EAN H XYNTAEH EINAI ZQXTH TOTE

I model iz syntactically comrect

S

ot it te o

P T e ol T

4... WINBUGS
4.2.2. llpooouoiwon oro WINBUGS

2... DopTwon Twv Asdopevwy (Load Data)
MAYPIZOYME TO list H THN 1ln T'PAMMH TQN AEAOMENQN

R WinBUGS513

File Toolz Edit Attibutes Info Model Inference Options Doodle Test Window Help

E estriol [_[O]
b~dnorm( 0, 1.0E-04 ; # normal nrioe foe b =
tau~dgammal 1.0E-04 | 1.0E-04 EﬂSpecilicalion Tool
32=-1fau;
a=-a.star-b*meaniestriol[]); check model | load data |

I
list(a star=0.0, b=0.0, tau=1.0)
compile | nurm of chains |1 _I
ST | imits | for chain |1_E
aEr Ihits |

| 2V

Bayesian Biostatistics Using BUGS (2) 2.8
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4... WINBUGS
4.2.2. llpooouoiwon oro WINBUGS

2... DopTwon Twv Asdopevwv (Load Data)
EININAETOYME TO KOYTI “LOAD DATA”

R WinBUGS513

File Toolz Edit Attibutes Info Model Inference Options Doodle Test Window Help

E estriol [_[O]
b~dnorm( 0, 1.0E-04 ; # normal nrioe foe b -

tau~dgammal 1.0E-04 | 1.0E-04 EﬁSpecilicalion Tool
32=-1fau;
check mode! | load data P,

a=-a.star-b*meaniestriol[]);
compile | numofchains|1 _I

}
listia star=0.0, b=0.0, tau=1.0)

Ein=31)

estriol[] birth(] o 8

. | itiits | for chain ITE

9 23

9 25 aEr Ihits |

12 27

q | Ml 4

4... WINBUGS
4.2.2. llpooouoiwon oro WINBUGS

2... DopTwon Twv Asdopevwv (Load Data)
MAYPIZOYME EININNAEON AEAOMENA T'IA $OPTQMA

EdWinBUGS13

File Toolz Edit Attributes |nfo Model Inference Options Doodle Test Window Help

& estriol M=
b~cinorm( O, 1.0E-04 3; # notmal neice foe b

taur~dgammar 1 0E-04 | 1 .0E-04 E:gﬁpeciﬁcalion Tool ' X|

=2=-1 tau;
a=-a.star-b*meaniestriol[]);

check mads! | lzad data |

compile | nurn of chains |1 _I
|mad imits | for chain |1_E
e Ihits |

< | A0

¥
list{a.star=0.0, b=0.0, tau=1.0)

Bayesian Biostatistics Using BUGS (2)
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4... WINBUGS
4.2.2. llpooouoiwon oro WINBUGS

2... DopTwon Twv Asdopevwy (Load Data)
SANAENINAETOYME TO KOYTI “LOAD DATA”

EdWinBUGS13
File Toolz Edit Attributes |nfo Model Inference Options Doodle Test Window Help
& estriol M=
hednormi 0, 1.0E-04 3; # normal reine far b
taur~dgammar 1 0E-04 | 1 .0E-04 Eﬂﬁpeciﬁcalion Tool ' X|
=2=-1 tau;
a=-a.star-b*meaniestriol[]); check model | < load data |D
i
list(a star=0.0, b=0.0, tau=1.01 : :
compile | num of chains |1 _I
|2z itiits | for chain ITE

e Ihits |

| vl

4... WINBUGS
4.2.2. llpooouoiwon oro WINBUGS

2... DopTwon Twv Asdopevwy (Load Data)
EAN TA AEAOMENA $0OPTQOOYN IQXTA TOTE

I data loaded

Rtvoptn| | 5 & (A 4T BB | st o [[Fweesty | jovinse s | | @bl BB 00

Bayesian Biostatistics Using BUGS (2) 2.10
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4... WINBUGS

4.2.2. llpooouoiwon oro WINBUGS

3... Ekkivnon Tou MovtéAou (Compile Model)

MAYPIZOYME THN ENTOAH model (=ANA)

B WinBUGS13

File Toolz: Edit Atributes |nfo Model Inference Options Doodle Tegt Window Help

ocled
# definttion of likelihood function
far (iin1:n) {
hirth{i]~dnormi muli], tau ) &
muli]=-a.star+b*(estriol[i]-me
& lir
¥
# prior distributions
#

a.star~dnorm( 0, 1.0E-04 3; ¥ nol
br~dnormi 0, 1.0E-04 3, # normal

E:gﬁpeciﬁcalion Tool x|

check mads! |

lpad data |

compile | LM ofchains|1

| ad|itiits | far chain
aEn s |

=

|

estnol [ [O]

4... WINBUGS

4.2.2. llpooouoiwon oro WINBUGS

3... Ekkivnon Tou MovtéAou (Compile Model)
EININETOYME TO KOYTI “COMPILE”

B WinBUGS13
File Toolz: Edit Atributes |nfo Model Inference Options Doodle Tegt Window Help

B =striol;
i
# definttion of likelihood function
#
far (iin1:n) {

hirth{i]~dnormi muli], tau ) &
muli]=-a.star+b*(estriol[i]-me
& lir
¥
# priar distributions
#

a.star~dnorm( 0, 1.0E-04 3; ¥ nol
br~dnormi 0, 1.0E-04 3, # normal

check mads! |

lpad data |

num of chains |1

| ad|itiits | far chain
aEn s |

=

|

estnol [ [O]
E:gﬁpeciﬁcalion Tool x|

Bayesian Biostatistics Using BUGS (2)
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4... WINBUGS
4.2.2. llpooouoiwon oro WINBUGS

3... Ekkivnon Tou MovTéhou (Compile Model)
EAN TO MONTENO EKKINHGEI XIQXTA TOTE

I model compiled

S

e
Rtvoptn| |58 (A4 BB | st o [[Fweaesty  ovimwe s | | @bl RSN iz

4... WINBUGS
4.2.2. llpooouoiwon oro WINBUGS

4... DopTwon n Mpooopoiwon ApXIKWV TIHWV
MAYPIZOYME THN ENTOAH list TQN APXIKQN TIMON

BawinBUGS13
File Toolz Edit Attibutes Info Model Inference Options Doodle Text “Window Help

B estriol M=

W

s2=-1kau;

a=-a star-b*mean(estriol] ]y, 3:5 Specification Tool x|

i@ star=0.0, b=0.0, tau=1.0) check model | |ad data |
listin=311 ; - 2 X
estriol[] birthi] | rum of chins [1
T2
9 28 = | ' 1 _
5 o load inits far chain I_ E
1227
16 27
P -
| | A

Bayesian Biostatistics Using BUGS (2) 2.12
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4... WINBUGS
4.2.2. llpooouoiwon oro WINBUGS

4... DopTwon n Mpooopoiwon ApXIKWV TIHWV

EINIAETOYME TO KOYTI “LOAD INITS”

BawinBUGS13

File Toolz Edit Attibutes Info Model Inference Options Doodle Text “Window Help

B estriol M=
£2=-1au; :l‘
a=-a star-b*mean(estriol]]); 3:5 Specification Tool x|

}

B star=0.0, b=0.0, tau=1.0) check modsl | [mad data |

listin=311 : : - :

extriol]] birth[] {|  nwm of chains |1

T2 _I

9 25 .

a o5 far chain |1_ E

1227

16 27

g & -

< | v

4... WINBUGS
4.2.2. llpooouoiwon oro WINBUGS

4... DopTwon n Mpooopoiwon ApXIKWV TIHWV

EAN OI APXIKEX TIMEX $OPTQEOYN ZQXTA TOTE

[initial values loaded: model initislized

S

Emilﬂlﬂe}l!'lml Teweauesy Hjowewe tvw || B AN 01
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4... WINBUGS
4.2.2. llpooouoiwon oro WINBUGS

4... ®opTwon n Mpooopoiwon ApXIKwV TIHWV

TO WINBUGS EINAI ETOIMO I'TA NA
[MPOZOMOIQZEI ENA AEITMA AIO THN
EK-TON-YZTEPQN KATANOMH ME TH
XPHZH TOY AEIFMATOAHITH GIBBS .

4... WINBUGS
4.2.2. llpooouoiwon oro WINBUGS

5... Npooopoiwon Tiywv Burn-in
EININETOYME “UPDATE” EXTO MENOY “MODEL”

BaWinBUGS13

File Toolz Edit Atrbutes Info | Model Inference  Options

Doodle Tedt Window Help

b~dnorm( 0,1 .0E-04 ) ¥ no Update.
tau~cgammal 1.0E-04 | 1.0F .
52=-1tau; [t b e
a=-a.star-b*mean(estriol[]);

Save State

list(n=31)
estrinl] birth]]

Bayesian Biostatistics Using BUGS (2) 2.14
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4... WINBUGS
4.2.2. llpooouoiwon oro WINBUGS

5... Mpooopoiwon Tipwv Burn-in

TPA$OYME ETO updates TON ## TQON BURN-IN EMNANANHYEQON

EawinBUGS13

File Toolz Edit Attibutes Info  Model Inference Options Doodle Text “Window Help

& estriol M [=]
b~cirnorm( O, 1 .0E-04 ) # normal prior for b :l‘
tau~cgammal 1 .0E-04 | 1.0E-04 ); ¥ gamma prior for precision
s2=-1kau;

a=-a.ztar-b*meaniestriall];

i
ECE ] e U pdate Tao!
dat 1000 fresh |100
e update |[IE refresl I |

?Sm;g] kirthi] update | thin I‘I_ iteration ID—

g 25 ™ over relax ™ adapting

12 27

Y p— -
< | H

4... WINBUGS
4.2.2. llpooouoiwon oro WINBUGS

5... Mpooopoiwon Tipwv Burn-in
EIIINETOYME TO UPDATE I'IA NA NPOXOMOIQXOYME

EawinBUGS13
File Toolz Edit Attibutes Info  Model Inference Options Doodle Text “Window Help
& estriol 9 [=]
b~cirnorm( O, 1 .0E-04 ) # normal prior for b 2
tau~cgammal 1 .0E-04 | 1.0E-04 ); ¥ gamma prior for precision
s2=-1kau;
a=-a.ztar-b*meaniestriall];

'

ECE T e e e Update Tool
list(n=31) updates I refresh I‘IDEI _I
?Sm;g] kirth] 'u in I‘I iteration ID

89 25 .
g 25 ™ over relax ™ adapting

12 27

| | A

Bayesian Biostatistics Using BUGS (2)
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4... WINBUGS
4.2.2. llpooouoiwon oro WINBUGS

6... MapakoAouOnon MNapapeTpwyv

EININAETOYME TO “SAMPLES” ETO MENOY “INFERENCE”

B WinBUGS13
File Tool: Edit Attibutes Info Model | Inference Option: Doodle Tewt Window Help

Fit...
hednormi 0, 1.0E-04 3, # normal prio -
taumdgammag 1 DE04 1 0E-04 ), % =oEIaens
e SUMMmary...
a=-a star-b*meaniestrioll]), Fi_ank

updates I'IDDD refresh I'IDD

list(n=311

estriol]] kirth]] : o

7 a5 Lpdate | thity |1 iteration |1DDD
9 25 .

g 25 I™ over relax [~ adapting
1227

4... WINBUGS
4.2.2. llpooouoiwon oro WINBUGS

6... MapakoAoubnon MNapapeTpwyv

TPA$OYME XETO node TO ONOMA THEX MAPAMETPOY

M awinBUGS513
File Toolz Edt Atrbutes Info Model Inference Options Doodle Test Window Help
a estriol !E[E
b EﬂSample Monitor Tool Ij‘
tau- —— .
522 :“' i I-I_ to [1 percentiles
a=-i 5
+ .
b beg | end [1000000  in |1 ;g _
list(n=31" A | sel | lrace | A tm | o sy | J
estrioll] k gg
T2 1 i
N o stats | cods | quantllesl [5H dizg | Aol | 95
9 25
12 27
1] | el
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4... WINBUGS
4.2.2. llpooouoiwon oro WINBUGS

6... MapakoAouOnon MNapapeTpwyv

KATI META EINIAET'OYME TO KOYTI “SET”

M awinBUGS13
File Toolz Edit Atibutes Info  Model Inference Options Doodle Test Window Help
& estriol O] x|
5.4 Sample Monitor Tool =
taur .
572 node Ia j Chains|1_ to [1 percentiles
a-t 2
i .
BTl |1 end |1000000 i |1 122 :
ligtin=31" """ P Iearl C et >| lrace | Fiatarny | densit_l,ll _I
estrial] £ gg
F- | .
q o iz | cofs | quantllesl [H d|ag| attalE | 95
89 25
12 27
Ep— -
< | vl

4... WINBUGS
4.2.2. llpooouoiwon oro WINBUGS

6... MapakoAoubnon MNapapeTpwyv

FPAO®OYME “a” KAI EMNIAEFOYME TO KOYTI “SET”
PAOOYME “b"” KAI EMNIAEFOYME TO KOYTI “"SET”
PAOOYME “s2” KAI EMIAEFTOYME TO KOYTI “SET”

Bayesian Biostatistics Using BUGS (2)
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4... WINBUGS
4.2.2. lMpooouoiwon oro WINBUGS

7... Mpooopoiwon Ek-Twv-uoTtepwv TiHwv
EININETOYME TO “UPDATE TOOL”

B:a Update Tool

UDdate‘mDD refresh I'ID
Lpdate | thin I'I iteration I‘IDDD

™ ave relax [ adapting

TPA®OYME ITO updates TON APIGMO TQON EIANANHVEQN
[IOY ENI®YMOYME (EAQ 1000)

4... WINBUGS
4.2.2. lMpooouoiwon oro WINBUGS

8... Mepiypagn TG Ek-Twv-YoTEpwy
Katavoung

EININETOYME TO “SAMPLE MONITOR TOOL”.

B:aSample Humtur Tool

node Ix J Chalnsl_ i@ I.I_ percentlles
beg |1 end |1000000 iy |1 1|:|
- — = 25
clear | “oeh | trace | higtary | denS|t_l,J|
EID
zhats | coda | quantllesl GR d|ag| autol | 95

Bayesian Biostatistics Using BUGS (2)
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4... WINBUGS
4.2.2. lMpooouoiwon oro WINBUGS

8... Mepiypagn TG Ek-Twv-YoTepwy
Katavoung

TPA$OYME XTO node TO ONOMA THX IAPAMETPOY IOY
GENOYME NA I[IEPITPAYOYME

[*=ONEX OI MNAPAMETPOI IIOY AHNAQXAME ZTO MONITOR]

it T

percentiles

r ains|1_ a1

beg |1 end |1000000 iy |1 10
25

clearl setl trace | historny | densityl 7
a0

stats | coda | quantilesl GR diagl autoC | 95

4... WINBUGS
4.2.2. lMpooouoiwon oro WINBUGS

8... Mepiypagn TG Ek-Twv-YoTEpwy
Katavoung

EIIIAETOYME TO KOYTI “STATS”.

BHSample Humtur Tool

nods Ix J Chams ta [1 percentlles
beg |1 end |1000000 | g [ 5

H S P 25
oo | D07 vce | history | derrity |

cada | quantllesl GR -:hagl autoC | gg

Bayesian Biostatistics Using BUGS (2)
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4... WINBUGS
4.2.2. lMpooouoiwon oro WINBUGS

8... Mepiypagn TG Ek-Twv-YoTepwy

Katavopng
BAEIIOYME TOYZ INEPITPA®IKOYZ ZTATIXZTIKOYZ
AEIKTEX THN EK-TQON-YETEPON KATANOMHX.

Eﬂ Mode statistics o [=]

" node mean sd MC error 2.5% median  97.5% start sample
a 21.44 2 5a6 005362 16.06 21.48 26 .65 100 1000
h 06133 01451 0004041 0.3235 0.6101 0.3979 100 1000
=2 1362 4.4399 01344 9.01 149 255 100 1000 ;I

4... WINBUGS
4.2.2. lMpooouoiwon oro WINBUGS

8... Mepiypagn TG Ek-Twv-YoTEpwy

Katavoung
EIIINETONTAE TO KOYTI “HISTORY” XTO “SAMPLE

MONITOR TOOL”. ..

hode Ix ﬂ Chains|1_ ta [ percentiles
beg |1 end |1000000 iy |1 15,3
25
Chea | T tace | densityl i
a0
zhats | coda | quantilesl GR diagl autol | 95

Bayesian Biostatistics Using BUGS (2) 2.20
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4... WINBUGS
4.2.2. lMpooouoiwon oro WINBUGS

8... Mepiypagn TG Ek-Twv-YoTeEpwy

KaTavouncg of
IAIENOYME TO | ot o

AIATPAMMA TON "L

IIPOEOMOIQMENQN b

AIATPAMMATON

(TRACE PLOTS) . .. |yt * w

4... WINBUGS
4.2.2. lMpooouoiwon oro WINBUGS

8... Mepiypagn TG Ek-Twv-YoTEpwy

Katavopng
EININETONTAYX TO KOYTI “DENSITY” XTO “SAMPLE
MONITOR TOOL”...

B:aSample Monitor Tool ]
node Ix ﬂ chains|1_ o [1 percentiles

beg |1 end |1000000 iy |1

90
stats | coda | quantilesl GR diagl autoC | 95

Bayesian Biostatistics Using BUGS (2)
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4... WINBUGS
4.2.2. lMpooouoiwon oro WINBUGS

8... Mepiypagn TG Ek-Twv-YoTepwy

Katavoung

[IATPNOYME TA AIATPAMMATA THX EKTIMQMENHZ
ZYNAPTHXHY IIYKNOTHTAX IIIGANOTHTAYX THEXL EK-TQN-
YZTEPQON KATANOMHZ

a sample: 1000 b sample: 1000 s2 sample: 1000
r 0.15F

3.0t
015 L L
A 20 0.1
0.05- 1.0t 0.05-
t 0.0f 0.0f
‘

00 100 200 300 400

10.0 200 300 ‘ 0.0 05 10

4... WINBUGS
4.2.2. lMpooouoiwon oro WINBUGS

8... Mepiypagn TG Ek-Twv-YoTEpwy

Katavopng
EININETONTAX TO KOYTI “QUANTILES” XTO “SAMPLE
MONITOR TOOL”...

hode Ix ﬂ Chains|1_ i@ I.I_ percentiles
beg |1 end |1000000 iy |1 %
¢ clear | i el | trace | higtory | densityl o
a0
stats | coda | GR dag | awoC | |a
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4... WINBUGS
4.2.2. lMpooouoiwon oro WINBUGS

8... Mepiypagn TG Ek-Twv-YoTepwy

Katavopng
[IAIPNOYME TA AIATPAMMATA TQON IIOXOXTHMOPIQN
THEZ EK-TON-YETEPQN KATANOMHZ

a b 2
30.0F 10F 30.0
25.0p -~ 7T 08r oL T
200k 06r 15.0
: o4k 100
T e ——— 02f 50
1041 1250 1500 1750 1041 1250 1500 1750 1041 1250 1500 1750
iteration iteration iteration

4... WINBUGS
4.2.2. lMpooouoiwon oro WINBUGS

8... Mepiypagn TG Ek-Twv-YoTEpwy
Katavoung

EITIAETONTAY TO KOYTI “AUTOC” XTO “SAMPLE
MONITOR TOOL”. ..

BﬁSample Monitor Tool ]
node Ix ﬂ chains|1_ o [1 percentiles

beg |1 end |1000000 iy |1

stats | coda | quantilesl &R diag

Bayesian Biostatistics Using BUGS (2)
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4... WINBUGS
4.2.2. lMpooouoiwon oro WINBUGS

8... Mepiypagn TG Ek-Twv-YoTepwy
Katavoung

[IAIPNOYME TA AIAT'PAMMATA TQN AYTO-ZYXXETIXEQN|
TON INTPOZOMOIQMENQN TIMON

lag lag lag

4... WINBUGS
4.2.2. lMpooouoiwon oro WINBUGS

8... Nepiypapn TnG Ek-Twv-YoTepwv
Katavopng
TO KOYTI “TRACE” IIAPATEI ENA AYNAMIKO
AIATPAMMA TQN IIPOXOMOIQMENQON TIMON ON LINE
TO KOYTI “CODA” INAPATEI MIA AIXTA ME TIZ
[IPOZOMOIQMENEY TIMEX IIOY MIIOPEI NA AIABAXTE
AIIO TO INPOT'PAMMA CODA IIOY AOYAEYEI ZTO R H
ZTO SPLUS.
TO KOYTI “GR DIAG” INAPATEI ENA ATIAT'NQTIKO
EAET'XO I'IA TH ZYTKAIXH THX ANAYRIAAZ (T'IA
I[IOANATINEY. AAYXIAEXL)

Bayesian Biostatistics Using BUGS (2) 2.24
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4... WINBUGS
4.3. KaOBopiouog Neag Mbavogaveiag kai Prior

[MONO STO WINBUGS]

T yiverar av O€Aoupe va
XPNOIHONOINCOUHE HIAa KATAVOHI Nou
dev unapxel oto WINBUGS;

TO KOAINMO ME TA MHAENIKA!

4... WINBUGS
4.3.1 KaBopiouodg Neag Prior

[MONO STO WINBUGS]
TO KOANO ME TA MHAENIKA!

‘EoTw O11 BéAoupe va opicoupe uia prior f(0) yia Tnv
TTapAaPETpO 6
1... ©€Toupe OTI N prior Tou B gival €TTITTEON OTO TTEDI(
TIMWV TNG ( dflat () A dunif () )
2... ©¢toupe pia PeTaBANTA (TT.X. zero) ion ME PNOEN
3... OpiCoupe 611 akoAouBei TNV KaTavour Poisson
ME HECO A
4... Oétoupe A=-1logf (9)

Bayesian Biostatistics Using BUGS (2) 2.25
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4... WINBUGS
4.3.1 KaBopiouodg Neag Prior

[MONO STO WINBUGS]

TO KOANO ME TA MHAENIKA!

MN.x. f(0) = z (z + wB)®1e@+wd)/(P).
[evikeupévn/Lagrangian Poisson pe peco=z/(1-w),
Alakupavon= z/(1-w)3, DI= 1/(1-w)?
theta ~ dflat()
zero <- 0
zero ~ dpois(lambda)

lambda <- -( log(zeta)+(theta-1)*
log(zetat+tomega*theta)-(zeta+omega*theta)-
logfact(theta) )

4... WINBUGS
4.3.1 KaBopiouodg Neag Prior

MaTti OouAéuel autd TO KOATTO;
f(zero|®) cival n Poisson pe yéon Tiun ion -log-likelihoog

®(0) gival n etitredn WeUuTo-prior TTOU
XPNOILOTTOIOUE VIO VO OPICOUNE EUPETT TNV TTPAYUOTIKY
prior.

f(B]zero)  civai n prior TTou TEAIKA OPiICOULE.

f(0)zero)ocf(zero=0|0)x@(0) = e*x1 = e-Hogf(@))x1 = f(0)

Bayesian Biostatistics Using BUGS (2) 2.26
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4... WINBUGS
4.3.1 KaBopiouodg Neag Prior

[MONO STO WINBUGS]
TO KOAMNO ME TA MHAENIKA!

Acite oto manual Tou WINBUGS oTnv evotnTa new-
prior yia TTapAdEIlyua YE TNV KAVOVIKA KATAVOUN
MPOZOXH: Autr n péBodocg TTapdyel deiyuaTa e
MeydAn auto-ocuOXETION
Apyn ZU0ykAion
YywnAd Mévte KapAo opdAuata
gival dnA. apyn UTTOAOYIOTIKA Kal XpEIaleTal va
apooupe To WINBUGS va TpéEel yia apKETEG

£TTAQVAAAWEIC

4... WINBUGS
4.3.2 KaBopiouoc Neag Mbavoeaveiag

‘EoTw 611 B€Aoupe va opiooupe pe  y~f(y;|0) pe

TTapAPETPO 6

1... ©étoupe pia otaBepd C ion pe Eva peyaAo
VOUUEPO YIa va e€aoc@aAicoupe OTI TO

2... O€Toupe éva OIAVUO A WEUTO-OEOOUEVWV Zzero
(M€ PAKOG i00 PE TO HEYEDOG TWV TTPAYHATIKWY HOG
0edONEVWYV) I00 YE INOEV

3... OpiCoupe 611 akoAouBei TNV Katavour) Poisson
ME MEOO A,

4... O¢Toupe A;=-1logf (y; | 6)

Bayesian Biostatistics Using BUGS (2)
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4... WINBUGS
4.3.2 Ka@opiouoc Neag MbBavoeaveiag

Mx. f(yl z w) = z (z + wy,) ¥l e@+on/(y)).
[evikeupévn/Lagrangian Poisson pe
napapeTpouc 8=(z,w)
peooc=z/(1-w) kai Alakupavon= z/(1-w)3,
C <- 10000
for (1 1n 1:N) {
zeros[i] <- 0
zeros[1] ~ dpois(lambda[i])
lambda[i] <- -L[i] + C
LLi]1 <- -( log(zeta)+(y[i]-1)*
log(zetatomega*y[i1])-(zetat+tomega*y[i])-
logfact(y[il) ) }

4... WINBUGS
4.3.2 KaBopiouog Neag MBavoeaveiag

MaTti OouAéuel autd TO KOATTO;

n n "
Hf(zerol. | y,,0) = He—% _ He—(—L,.+C)
i=1 i -

— Helogf(inG)—C oc Hf(yi 19)
i=1 i=1

Bayesian Biostatistics Using BUGS (2)
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4... WINBUGS
4.3.2 KaBopiouog Neag MBavoeaveiag

NMAPAAEIFMA FrENIKEYMENHZ POISSON
(Rosner 1994, page 94)

ApOuos Oavatomv and molopveritida Ty tePiodo
1968-76

1968 1969 1970 1971 1972 1973 1974 1975 1976
24 13 7 18 2 10 3 9 16

4... WINBUGS
4.3.2 KaBopiouog Neag MBavoeaveiag

NMAPAAEITMA FrENIKEYMENHZ POISSON

model {
C<-10000
for (i in 1:9) {
zeros[i]<-0
zeros[i] ~dpois( lambda[i] )
lambda[i]<- C - loglike[i]
loglike[i] <- log(zeta)+(y[i]-1)* log(zetatomega*y[i])-
(zetatomega*y[i])-logfact(y[i])
}
zeta~dgamma (0.001, 0.001)
omega~dbeta(1,1)
mean<-zeta/ (1-omega)
var<-zeta/pow (l-omega, 3)
DI<-1/ ((l1-omega) * (1-omega))
}
DATA : list( y=c(24, 13, 7, 18, 2, 10, 3, 9, 16) )
INITS: list( zeta=l, omega=0.5 )
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4... WINBUGS
4.4. lNMpooouoiwon oro lNapaockrvio

4.4.1 EIZAITQrH
BATCH MODE METHOD: SCRIPTING
[povo oTto WINBUGS 1.4].
EVOAANOKTIKOG TPOTTOC TTPOCOMOIWGCNG XWPIS va
TTEPIMEVOUE VIO aTToTEAETUATA
Xpeialovtal Touhayiotov 4 apxeia oe WINBUGS
(*.odc) n text (*.txt) format
EvToAég MNpooopoiwong (script)
MovTtéAo
AedouEvwy (UTTOPE Va gival TTEPICOOTEPA ATTO

1)

Y- A L N

4... WINBUGS
4.4. llpooouoiwon oro lNapaocknvio

Mapadelyua script.odc

EmIAECTE

BackBugs14.Ink

2Tov karaloyo Tou WINBUGS 14
OUVNBWC c: \Program Files\Winbugsl4\

Bayesian Biostatistics Using BUGS (2)
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4... WINBUGS
4.4. lNMpooouoiwon oro lNapaockrvio

Avoiyoupe T0 script file
c:\Program Files\Winbugsl4\script.odc

Kal TPEXOUME TO HOVTEAO OTO NAPACKNAVIO
enmAeyovrac MODEL>SCRIPT

BEEwinBUGS14 - [Script]
@ File Tools Edit Atibutes |nfo | Model Inference Options Doodle Map Text Window Help

. , i Specification. .
display('log’
checki'Test/Seeds_mod bd"  Update..
data('Test'Seeds_dat.bt’) HABror e
compile(2) _
inits(1, TestiSeeds _jnbg)  Savests
inits(2, Test'Seeds_in1 td') | Seed..
gen.inits()
update(500)

4... WINBUGS
4.4. llpooouoiwon oro lNapaocknvio

4.4.2. MepikéG ZnUAVTIKEG EVTOAéG
display('log') : Avoiyel éva apyeio log mov amobnkevel ta
OTOTEAEGLLOTOL
check ('Test/Seeds_mod. txt') : 'Eleyyog povtéhov mov

Bpioketon 610 apyeio Seeds_mod. txt kol 6TOV VTOKOTAAOYO TOV
WINBUGS, Test.

data('Test/Seeds _dat.txt'): ®Poptrwon Aedopévmv amd 10
apyeio Seeds_dat. txt kat otov vrokardroyo tov WINBUGS,
Test.

compile (2) : Exkivnon 2 TpocopolopéveY dAVGIOmVY.

inits (1, 'Test/Seeds in.txt'): ®optwon Apyikav Tyuodv
™G Ing akvcidag To apyeio Seeds _in. txt ko 6TOV VTOKUTAAOYO
tov WINBUGS, Test.

Bayesian Biostatistics Using BUGS (2)
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4... WINBUGS
4.4. lNMpooouoiwon oro lNapaockrvio

4.4.2. MepikéG ZnUAVTIKEG EVTOAéG

gen.inits () : Ilpocopoiwon Apywov Todv .

update (500) : [Ipocopoiwon 500 Tiuodv (Burn-in).

set (alphaO) : Apyilovpe Kot amodnKedoLvE TIG TPOGOUOIMUEVESG
TIéG Yo TV Topduetpo alphao .

update (1000) : Ilpocopoimon 1000 Tipuwv .

stats (*) : Ztartiotikol d€lKTES Y10 TO TPOCOUOIWUEVO dety Lo OAV
TOV TOPAUETPOV EYOVV OPIOTEL LEG® TOV TG EVIOANG set.
history (*): AGypoupo TPOGOUOIOUEVOV TIUDV OVA ETOVIANYM
Y0 TIG TOPAUETPOVE TTOV EXOVV OPLOTEL LEGM TOV TNG EVIOANG set .
trace (*) : Avvoukod (on-line) Aldypoppo TPOGOUOIOUEV®Y TIULOY
Ve EmAVEANY Y10 TIC TUPAUETPOVS TTOL £XOVV OPIOTEL HEG® TOV TNG
EVIOMG set.

4... WINBUGS
4.4. llpooouoiwon oro lNapaocknvio

4.4.2. MepikéG ZnUAVTIKEG EVTOAéG

density (*) : Awdypoppo e EKTILMOUEVNG EK-TOV-VOTEPOV
GLVAPTNONG TOAVOTNTOG 1) TUKVOTNTOC TOUVOTNTAG Y10 TG
TOPUUETPOVS TTOV EYOVV OPIOTEL LECH TOL TNG EVIOANG set .

autoC (*) : AdypopLo UTOGVCYETIGEDV TOV TPOGOLUOLOUEVOV
TILOV Y10l TIG TAPUUETPOVS TOV EYOVV OPIOTEL LEGH TOL TNG EVIOANG
set.

quantiles (*) : Adypoplo TOGOGTNHLOPIOY TMV TPOCOUOIOUEVOV
TILOV OVE EMAVAANYN Y1 TIG TOPAUETPOVG TTOV EXOLV OPIGTEL LEG® TOV
NG EVIOAMG set.

Bayesian Biostatistics Using BUGS (2)
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4... WINBUGS
4.4. lNMpooouoiwon oro lNapaockrvio

4.4.2. MepikéG ZnUAVTIKEG EVTOAéG

coda (*,output) : Amobnkevon OAwv TV monitored TOPAUETPOV
670 apyeio output to omoio givar o€ format CODA. Av 10 dvopa Tov
apyetov peivel kevo avoiyel mapdbvpo oto WINBUGS.

save ('seedsLog') : AmoOnkevon OAOV TOV OTOTEAECUATOV TOL
log TopaBOpov oto apyeio seedLog.odc (format WINBUGS podi pe
Swypappata). Av to apyeio £xel katdAnén txt tote anobnkevovtar o
apyeio text povo 1o keipevo (Ot StoypAUUOT KoL GAAL YPOLPUKH).
quit() : 'E&odoc amd to WINBUGS.

4... WINBUGS
4.4. llpooouoiwon oro lNapaocknvio

4.4.2. MepikéG ZnUAVTIKEG EVTOAéG

coda (*,output) : Amobnkevon OAwv TV monitored TOPAUETPOV
670 apyeio output to omoio givar o€ format CODA. Av 10 dvopa Tov
apyetov peivel kevo avotiyel mapdbvpo oto WINBUGS.

save ('seedsLog') : AmoOnkevon OAOV TOV OTOTEAECUATOV TOL
log TopaBOpov oto apyeio seedLog.odc (format WINBUGS podi pe
Swypappata). Av to apyeio £xel katdAnén txt tote anobnkevovtar o
apyeio text povo 1o keipevo (Ot dStorypAULOT KoL GAAL YPOPUKH).

quit () : 'E&odoc amd to WINBUGS.

Bayesian Biostatistics Using BUGS (2)
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4... WINBUGS
4.4. llpooouoiwon oro lNapaocknvio

4.4.3. NpooopoiwvovTag 1o Mapdderypa
Eo1pi6Ang oTo Napaokivio
1.. $TIAXNOYME 5 APXEIA
script.odc
model. odc
data.odc
data2.odc
inits.odc

2.. ANOITOYME TO SCRIPT.ODC KAI TPEXOYME TO MONTEAO
ZTO INIAPAXKHNIO AIIO TO MENOY MODEL>SCRIPT.

Bayesian Biostatistics
Using BUGS

TEAOZ AEYTEPOY
MAOHMATOZ

. Department of Statistics
E-mail: ntzoufras@aueb.gr p °
Athens University of

Economics & Business
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NAPAPTHMA B (2ou MAOHMATOZ): MAPAAEIFMATA WINBUGS

1 EXAMPLE 1: BIRTHWEIGHT & ESTRIOL LEVEL

{

# definition of likelihood function

#
for (i in 1:n) {

birth[i]~dnorm( mu[i], tau ); # random component
mu[i]<-a.star+b*(estriol[i]-mean(estriol[]));

3
# prior distributions
#
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[]);

}

list(a.star=0.0, b=0.0, tau=1.0) # initial values

# data

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

# systematic component

#

& link function
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2 Example 2: BEETLES DATASET

model beetles;

{

for (iin 1:N) {
r[i] ~ dbin(p[i], nfi);
logit(p[i]) <- alpha.star + beta*(x[i]-mean(x[]));
r.hat[i] <- p[i]*n[i]; # fitted values

alpha.star ~ dnorm(0.0, 1.0E-3);

beta  ~dnorm(0.0, 1.0E-3);

alpha <- alpha.star - beta*mean(x[]);
odds.ratio <- exp( beta )

}

list(x = ¢(1.6907, 1.7242, 1.7552, 1.7842, 1.8113, 1.8369, 1.8610, 1.8839) n =c(59, 60, 62, 56, 63, 59, 62, 60) r=c(6, 13, 18, 28,
52, 53, 61, 60), N=8) #data
list(alpha.star=0, beta=0) #initial values

pli] ;@

for(iIN.1:N)

n[i]

alpha < beta
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3 EXAMPLE 3: XPHZH NEAZ MNIOANO®ANEIAZ (TENIKEYMENH POISSON)

model

{

C<-10000

for (iin 1:9) {
zeros[i]<-0
zeros[i]~dpois( lambdali] )
lambdali]<- C - loglikel[i]
loglike[i] <- log(zeta)+(y[i]-1)* log(zeta+omega*y[i])-(zetatomega*y[i])-logfact(y[i])
}
zeta~dgamma(0.001, 0.001)
omega~dbeta(1,1)
mean<-zeta/(1-omega)
var<-zeta/pow(1-omega,3)
DI<-1/((1-omega)*(1-omega))

}

DATA

list( y=c(24, 13, 7, 18,2, 10, 3, 9, 16) )

INITS
list( zeta=1, omega=0.5)

4 EXAMPLE 4: IPOZOMOIQZH 2TO NAPAZKHNIO TOY NMAPAAEIrMATOZ
ESTRIOL

4.1 APXEIO script.odc

display(“log”)
check("c:/myfiles/courses/BUGS_course/01_presentations/Bugs_files/lec2/ex1_estriol_back/model .odc")
data("c:/myfiles/courses/BUGS_course/01_presentations/Bugs_Tfiles/lec2/ex1_estriol_back/data.odc")
data("c:/myfiles/courses/BUGS_course/01_presentations/Bugs_Tfiles/lec2/ex1_estriol_back/data2.odc")
compile(l)

inits(l, "c:/myfiles/courses/BUGS_course/01_presentations/Bugs_files/lec2/exl_estriol_back/inits.odc")

update(1000)
set(a)

set(b)
update(1000)
trace(*)
update(1000)
stats(*)
history(*)
density(*)
autoC(*)
quantiles(*)
dic.stats()
coda(*,output)
save("seedsLog")
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4.2 APXEIO model.odc

{
#

#

definition of likelihood function

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

prior distributions

a.star~dnorm( 0, 1.0E-04 );
b~dnorm( 0, 1.0E-04 );
tau~dgamma( 1.0E-04 , 1.0E-04 );
s2<-1/tau;
a<-a.star-b*mean(estriol[]);

4.3 APXEIO data.odc

estriol[] birth[]

4.4 APXEIO data2.odc

list(n=31)

4.5 APXEIO inits.odc

list(a.star=0.0, b=0.0, tau=1.0) # initial values

# systematic component
# & link function

# normal prior for a
# normal prior for b
# gamma prior for precision
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Bayesian Biostatistics -3’
USi“g BUGS BUGS

Bio-ZrarioTiki| kara Bayes

HE TN Xpnon Tou AoyioHIKOU
BUGS

MAOHMA 3: ZYNOETA MONTEAA

I oann is N tzo Ufras Departrnént o étatistics,

Athens University of

E-mail: ntzoufras@aueb.gr Economics & Business

5. ZYNOETA MONTEAA 2TO BUGS

MAOHMA 3 (NMEPIEXOMENA):

5.1 Prior Distributions

5.2 Parameterization

5.3 Random Effects

5.4 Examples
5.4.1 Rats (Repeated Measures Regression)
5.4.2 Seeds (Random Effects Logistic Regression)
5.4.3 Surgical (Institutional Ranking)
5.4.4 Equiv (Bioequivalence in Cross-over Trials)

Bayesian Biostatistics Using BUGS (3) 3.1
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5. ZYNOETA MONTEAA 2TO BUGS

MAOHMA 3 (NMEPIEXOMENA):
5.1 Prior Distributions
5.2 Parameterization
5.3 Random Effects
5.4 Examples
5.4.5 Dyes (Variance Component Models)
5.4.6 Blocker (Meta analysis & random Effects)

5.4.7 Mice (Weibull Survival Analysis)
5.4.8 Alli(Multinomial-Logistic Models)

5.1. KAOOPIZMOZ PRIOR KATANOMON

EQv €XOUME EK-TWV-NPOTEPWV NANpPogopia
anod AAAEC NEAETEC TOTE UMOPOUE vda
XPNOILOMNOINCOUE:

Kavovikn yia noooTikéC (uEgoc=prior belief,
dlakupavon = apeBaidtnTa yia Tnv prior
yvwon)

FGuua r AoyapiBPo-Kavovikn yia NOCOTIKEC
OETIKEG

BATa yia nocooTa rn napaperpoug oo [0,1]

Bayesian Biostatistics Using BUGS (3) 3.2
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5.1. KAOOPIZMOZ PRIOR KATANOMON

Mn nAnpopopIaKkes ex-TwV-NpoTEPWV
karavousg (non-informative prior
distributions) :

dev ennpealouv TNV cupnepacpaToAoyia pag
Baoi(opaoTe povo ota dedopeva
EK-TWV-UOTEPWV ANOTEAEOUATA €ival NapopoIa PE
NG MEYIOTNG MBavopaveiag

5.1. KAOOPIZMOZ PRIOR KATANOMON

Mn nAnpopopIaKes Ek-TWV-NPoTEP@V
KATAVOUEG :

divouv idia niIBavoTnTa gPPAaviong Kiag TING f evog
IoouNKoucg dlaoTAUAToC (OpoIopop(N KaTavoun).

H opoiopop@n opiletal o €va diaotnpa [a,B].
Ma petapAnteg oto R => U(-1000,1000)

Ma peTaBAnTeEC oto [0,+x) => U(0,1000)

Ma petaBAnTeg oto [0,1] => U(0,1)
KINAYNOZ: Na XaoOUE TIHEG AOYW TWV opiwv
a,f

Bayesian Biostatistics Using BUGS (3)

1/23/2006
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5.1. KAOOPIZMOZ PRIOR KATANOMON

M nAnpo@opIaKkes Ek-TwV-rNpoTEPWV
KAaTaVOUEG :
EvaAAQKTIKG UNOPOUKE VA XPNOIMOMNOINCOUNE
improper prior katavopeg f(x)oc1/c (oTaBepa)
>T10 BUGS npoTeivoupe
Ma peraBAnTéc oTo R => Kavovikn PE HeYaAn
dlakupavon (JIkpn akpipeia)
Ma petapANTEC 010 [0,+0) => Fappa pe a=B (MIKPEC

TIHEG)
[uéon Tiun 1, diakUpavon peyain = 1/B].

5.2. TAPAMETPOINOIHZH TOY
MONTEAOY

TTAPAMETPOIIOIHZH:

>NUAVTIKA YIa TOV UNOAOYIONO TWV NAPAPETPWY

Mia napaueTpog dev €ival Npoadiopicipn

(identifiable) oTav Ta dedopeva dev divouv apKeTN

NANPOPOPIa yia TOV UNOAOYIOHO TNC.

Ma To Aoyo auTtd BETOUNE NEPIOPICHOUC:
Meplopiopog ABpoiopaTog oTo PNdev (Sum-to-zero
constraint)

Frwviakog Meplopiopog (corner constraint) [treatment
effect]

Bayesian Biostatistics Using BUGS (3) 3.4
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5.2. TAPAMETPOINOIHZH TOY
MONTEAOY

TTAPAMETPOIIOIHZH:
Av €XOUME TO i010 HOVTEAO HE DIAPOPETIKN
NapapeTponoion ToTe
H epunveia Twv napapeTpwy ival dla@opeTIKA
O1 NpocapHOCEVEG 1 NPOPBAENOUEVEC TIMEG €ival iBIEC
O1 napaueTpol Tou idIou HovTEAOU pnopouv va

HETAOXNKATIOTOUV OE NAPAUETPOUC IE AGANOUC
NEPIOPICHOUC HE ANAEG GUVAPTNOEIC

H napapeTponoinon aAAalel kal XpnoIonoIwvTag

dlapopeTIKEC WeudopeTaBANTEC (dummy variables).

5.2. TAPAMETPOINOIHZH TOY
MONTEAOY

TTAPAAEIIMA 1. One-way Anova

'EXOUME Mia MoooTIKA Y Kal pia kaTnyopikn A JE K
enineda

Y; ~ Normal ( 1, , 02)

Mapapuerponoinon 1. ExTipoUpe kaTeubeiav Toug
ECOUC ava opada

Bayesian Biostatistics Using BUGS (3)
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5.2. TAPAMETPOINOIHZH TOY
MONTEAOY

TTAPAAEIIMA 1. One-way Anova

'EXOUME Mia noooTIKA Y Kal pia kaTnyopikn A JE K
enineda

Y; ~ Normal ( i, , 02)
Mapausrponoinon 2. |, = | + q,
a,+d,+...+a,=0 (STZ)

Epunveia:
W=O0UVOAIKO HEDOC

a,=01apopa TnG ouadag i and To GUVOAIKO |EGO
(group effect)

5.2. TAPAMETPOINOIHZH TOY
MONTEAOY

TTAPAAEIIMA 1. One-way Anova

'EXOUME Mia MoooTIKA Y Kal pia kaTnyopikn A JE K
enineda

Y; ~ Normal ( 1, , 02)
Mapausrponoinon 3. |, = J + q,
a,;=0 (CR)
Epunveia:
M=HECOC MGG opadag Baonc (baseline group)
ouvnOw¢ n opada eAeyxou (control group)
a,=0lapopa TnG ouadag i and Tn opada Baong

Bayesian Biostatistics Using BUGS (3)
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5.2. TAPAMETPOINOIHZH TOY
MONTEAOY

WEYAOMETABAHTEZ: One-way Anova
Mapaucsrponoinon 3. |, = U + q,
a,;=0 (CR)

B = XB, pe B'=(Y, az ..., Q)
K-1 dummies (D,, D5, ..., D,)
D;=1avA=j
D; = 0 dilapopeTika

5.2. TAPAMETPOINOIHZH TOY
MONTEAOY

WEYAOMETABAHTEZ: One-way Anova
Mapaucsrponoinon 2. |, = | + q,
a,+a,+...+a,=0 (STZ)

B = XB, pe B'=(Y, ay ..., Q)
K-1 dummies (D,, D5, ..., D,)
D;=-1avA=1
D;= 1lavA=j
D; = 0 diapopeTika

Bayesian Biostatistics Using BUGS (3)
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5.2. TAPAMETPOINOIHZH TOY
MONTEAOY

WEYAOMETABAHTEZ: One-way Anova

yla k=3
j D, D; S, S;
1 0 0 -1 -1
2 1 0 1 0
3 0 1 0 1

5.2. TAPAMETPOINOIHZH TOY
MONTEAOY

ZXEZEIZ [TAPAMETPQN: One-way Anova
U = JR + gR=>

pi=pCR+a + R - a =>

My = MSTZ +0.5T2 e

STZ = PR + @

GiSTZ — GiCR - a

Fevika B&Toupe XSTZBSTZ= XRBCR=>
GSTZ= (XSTZ)—IXCRBCR
BCR= (XCR) —1XSTZBSTZ

Bayesian Biostatistics Using BUGS (3)
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5.2. TAPAMETPOINOIHZH TOY
MONTEAOY

TTAPAAEITMA 2: AnAn MaAivdpouion

'EXoUME pia noooTIkA Y Kal Yia eneEnynUaTIKi
nogotikn X =>Y; ~ Normal ( 4, , 62)

Mapauerponoinon 1. y, =a + B X
Mapauerponoinon 2. |, = a* + B*(Xi-H,)
Mapaperponoinon 3. |, = a™+ B (X-H,)/0y

5.2. TAPAMETPOINOIHZH TOY
MONTEAOY

TTAPAAEITMA 2: AnAn MaAivopouion
EPMHNEIA NMAPAMETPQN
Mapausrponoinon 1.
a = Avapevopevoc pecoc TnG Y otav X=0

B = Avapevopevn av&non TnG Y otav X au&énBei
KaTa pia povada

Bayesian Biostatistics Using BUGS (3) 3.9
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5.2. TAPAMETPOINOIHZH TOY
MONTEAOY

TTAPAAEITMA 2: AnAn MaAivdpouion
EPMHNEIA NMAPAMETPQN
Mapausrponoinon 2.
a* = Avapevopevog JETOG TNG Y OTav X= |,

* = Avapevopevn auénon Tng Y otav X au€noei
KaTa pia povada

5.2. TAPAMETPOINOIHZH TOY
MONTEAOY

TTAPAAEITMA 2: AnAn MaAivopouion

EPMHNEIA NMAPAMETPQN
Mapausrponoinon 3.
a** = Avapevopevog Pegog Tou Y otav X=
B** = Avapevopevn au&non Tng Y otav X au€&noei
KaTa NogoTNTaA ion JE TNV TUNIKM anokAion Tou X

[eival i00G YE TO OUVTEAEOT OUOXETIONG, AEYETal
kal beta parameter]

Bayesian Biostatistics Using BUGS (3) 3.10
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5.2. TAPAMETPOINOIHZH TOY
MONTEAOY

TTAPAAEITMA 2: AnAn MaAivdpouion
2XEZEI> MAPAMETPQN
Mapausrponoinon 2.
b = a" + B (Xi-Hy) = a™-B" py+ BYX;
a=a-B
B=p
Mapausrponoinon 3.
|Ji = G**+B**(Xi_ “x)/ox = G**'B** “x/ox + B**Xi/ox
a = a”-B™ p,/o,

B=B"/o

5.2. TAPAMETPOINOIHZH TOY
MONTEAOY

AlapopETIKN NPOadIopioIUn NapapeTponoinon oev
£mdpda oTiG posterior

AlapopeTIKn Npoadlopiciun NapageTponoinon emopd
otn oUykAion Tou MCMC [npenel ol napaueTpol va
gival 600 To duvaTov AlYOTEPO CUOXETIOUEVOI]

1a TIG PUN-NpocdIoPICIUEC NAPAUETPOUC EVOG
HOVTEAOU

1... MCMC -> B& ouyKAivel
2... H posterior 6a €ival improper
3... ZUvapTnOEIC QUTWV KNOPEI va GuykAivouv!?

Bayesian Biostatistics Using BUGS (3) 3.11
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5.3. RANDOM EFFECTS

Ti eival Ta random effects
Tuxaio opaAua oTov Ypaupiko npoadiopiouo (n)
O1 napapetpol (oTnv KAaooikn oTaTioTikA) dev €ival
oTaBepEC aAAa TuxaieC METABANTEG

5.3. RANDOM EFFECTS

MoTe xpnoiponolouye random effects

EnavaAauBavopevec peTpioeic oTa idla aropa Tnv
id1a Xpovikn nepiodo (dlacnopd AOyw oPAPATOC
METPNONG N TUXAIOTNTAC TOU idIoU NnapayovTa)
EnavalapBavouevec YETPNOEIG G DIAPOPETIKEC
XPOVIKEG NEPIOOOUC

Xpnon nio cUvBeTWV Katavopwv (Mixtures)
AiopBbwon Ynep-diaonopdc (overdispersion)

EkTipnon Tng within-subject variability

Bayesian Biostatistics Using BUGS (3) 3.12
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Bayesian Biostatistics
Using BUGS BUGS

5.4. NAPAAEIMATA ZTO BUGS

Department of Statistics,

Athens University of

Economics & Business

5.4.1. Normal Hierarchical Model with
Missing Data (Rats)

BUGS Examples Vol.1, ogA.4, Example 1
Section 6 of Gelfand et a/(1990, JASA),
30 young rats
weights for 5 weeks.

Bayesian Biostatistics Using BUGS (3) 3.13
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5.4.1. Normal Hierarchical Model with
Missing Data (Rats)

Part of the data:
Weights Yij of rat i on day xj
xj=8 15 22 29 36
Rat 1 151 199 246 283 320
Rat 2 145 199 249 293 354

Rat 30 153 200 244 286 324

Y;; is the weight of the ith rat measured at age xj.

5.4.1. Normal Hierarchical Model with
Missing Data (Rats)

Weight
200 250 300 3480 400

180

100

Day

Bayesian Biostatistics Using BUGS (3)
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5.4.1. Normal Hierarchical Model with
Missing Data (Rats)

The model is essentially a random effects linear growth curve
Y; ~ Normal(oy + Bi(x; - xbar), t.)
a; ~ Normal(o, t,,)
Bi ~ Normal(B, ;)

where xbar = 22, and t represents the precision (1/variance) of
a normal distribution.

see the Birats example in Volume 2 which models the
covariance between o; and ;.

standardise the x;'s around their mean to reduce dependence
(for the full balanced data, complete independence is
achieved)

5.4.1. Normal Hierarchical Model with
Missing Data (Rats)

a., t,,b.,t,, t.are given independent
" “noninformative" priors.

Interest particularly focuses on the intercept at zero
time (birth), denoted a, = a. - b, xbar.

RANDOM EFFECTS => two sources of variability
1... within each subject (rat)
2... across subjects

Bayesian Biostatistics Using BUGS (3) 3.15
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5.4.1. Normal Hierarchical Model with
Missing Data (Rats)

Graphical model for rats example:

=)
G LD

forGIN1:T

forgiIN1 :N! m‘l

5.4.1. Normal Hierarchical Model with
Missing Data (Rats)

BUGS language for rats example:

model
{
for(iin1:N){
for(jin1:T){
Y[i, j] ~ dnorm(muili, j],tau.c)
muli, j] <- alphali] + betali] * (x[j]- xbar)

alphali] ~ dnorm(alpha.c,alpha.tau)
beta[i] ~ dnorm(beta.c,beta.tau)
}
tau.c~dgamma(0.001,0.001)
sigma <- 1/ sqgrt(tau.c)
alpha.c~ dnorm(0.0,1.0E-6)
alpha.tau~ dgamma(0.001,0.001)
beta.c ~ dnorm(0.0,1.0E-6)
beta.tau~ dgamma(0.001,0.001)
alpha0 <- alpha.c- xbar * beta.c

Bayesian Biostatistics Using BUGS (3) 3.16
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alpha0
120.0f

110.0f
100.0(

T
1001

T T
1250 1500
iteration

T
1750

T
2000

6.61
641
6.21
6.0F
5.8

1250 1500
iteration

1750

2000

1001

1250 1500
iteration

1750

2000

5.4.1. Normal Hierarchical Model with
Missing Data (Rats)

node mean sd
alpha0 106.4 3.518
beta.c 6.187 0.1052
sigma 6.123 0.5053

MC error 2.5%
0.1071 99.87
0.003881 5.978
0.02685 5.288

median
106.4
6.189
6.065

97.5%
113.7
6.396
7.231

start
1001
1001
1001

5.4.1. Normal Hierarchical Model with
Missing Data (Rats)

sample
1000
1000
1000

Bayesian Biostatistics Using BUGS (3)
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5.4.1. Normal Hierarchical Model with
Missing Data (Rats)

MISSING VALUES ANALYSIS(ratmiss)
Missing Value -> NA

Rat 26 -> 153 NA NA NA NA

Monitor (Y[26,]) -> predicted values of Missing

node meansd MC error 2.5% median97.5%
Y[26,2] 205.3 8.711 0.3794 187.6 205.2 222.3
Y[26,3] 251.5 10.39 0.5242 230.7 251.4 272.7
Y[26,4] 297.1 12.54 0.6756 271.1 297.4 321.0
Y[26,5] 343.3 15.55 0.8251 313.7 343.6 373.6

5.4.1. Normal Hierarchical Model with
Missing Data (Rats)

FULL DATA ANALYSIS

node mean sd MC error 2.5% median 97.5% start sample
alpha0 106.4 3.518 0.1071  99.87 106.4 113.7 1001 1000
beta.c 6.187 0.1052  0.003881 5.978 6.189 6.396 1001 1000
sigma 6.123 0.5053 0.02685 5.288 6.065 7.231 1001 1000
MISSING DATA ANALYSIS
node mean sd MC error 2.5% median 97.5% start sample
alpha0 100.9 3.75 0.1106 93.63 101.0 108.3 1001 2000
beta.c 6.581 0.1449 0.00655 6.298 6.583 6.872 1001 2000
sigma 6.129 0.7062 0.03879 4.93 6.065 7.728 1001 2000

Bayesian Biostatistics Using BUGS (3)
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5.4.2. Random Effects Logistic
Regression (Seeds)

extract

r. = # germinated seeds in i plate
n,= total # seeds in i plate
i=1,...,N=21 plates

BUGS Examples Vol.1, ogA.10, Example 3

Table 3 of Crowder (1978, Ap.Stat.), also
analysed by Breslow & Cleyton (1993, Ap.Stat.)

% of germinated seeds on 21 plates
2 by 2 factorial layout by seed and type of root

5.4.2. Random Effects Logistic
Regression (Seeds)

seed O. aegyptiaco 75
Bean Cucumber Bean

r n r/n r n r/n r n r/n

seed O. aegyptiaco 73

Cucumber

n

r/n

10 39 0.26 |5 6 0.83 (8 16 0.50
23 62 037 |53 74 072 |10 30 0.33
23 81 028 |55 72 0.76 |8 28 0.29
26 51 051 (32 51 0.63 (23 45 0.51
17 39 044 |46 79 058 |0 4 0.00
10 13 0.77

22
15
32
3

12
41
30
51
7

0.25
0.54
0.50
0.63
0.43

Bayesian Biostatistics Using BUGS (3)
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DATA IN BUGS

5.4.2. Random Effects Logistic
Regression (Seeds)

10 39 O
5 6 0
8 16 1
3 12 1

x1l =

X2 =

r[] n[] x1[]=x2[]

dummy for seed type
dummy for root extract

MODEL

5.4.2. Random Effects Logistic
Regression (Seeds)

1.. RANDOM COMPONENT:

r, ~ Binomial(p;, n;)
2.. Systematic Component & link:

logit(p;) = ag + oyXyit 0pXot 0y pX X+ by
3.. Random Effect:

b, ~ Normal(0, 1)

Bayesian Biostatistics Using BUGS (3)
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5.4.2. Random Effects Logistic
Regression (Seeds)

x1[i]

x2[i] pli]

5.4.2. Random Effects Logistic
Regression (Seeds)

model
{
# Model Likelihood
for(iin 1l : N ) {
r[i] ~ dbin(p[i],n[i]) # random component
b[i] ~ dnorm(0.0,tau) # random effect
#systematic component
logit(p[i]) <- alpha0O + alphal * x1[i] +

alpha2 * x2[i] + alphal2 * x1[i] * x2[i] +
b[i]

}

Bayesian Biostatistics Using BUGS (3)
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}

# Prior distributions
alpha0 ~ dnorm(0.0,1.0E-6)
alphal ~ dnorm(0.0,1.0E-6)
alpha2 ~ dnorm(0.0,1.0E-6)
alphal2 ~ dnorm(0.0,1.0E-6)
tau ~ dgamma (0.001,0.001)
sigma <- 1 / sqrt(tau)

5.4.2. Random Effects Logistic
Regression (Seeds)

node mean sd
alpha0 -0.5546 0.1941
alpha1t 0.08497 | 0.3127
alpha12 -0.8229 0.4321
alpha2 1.356 0.2743
siama 0.2731 0.1437

MC error | 2.5% median 97.5%
0.007696 | -0.9353 -0.5577 -0.1597
0.01283 | -0.5814 0.09742 | 0.6679
0.01785 | -1.697 -0.8218 0.01641
0.01236 | 0.8257 1.347 1.909
0.007956 | 0.04133 | 0.2654 0.5862

5.4.2. Random Effects Logistic
Regression (Seeds)

start
1001
1001
1001
1001
1001

Logistic maximum PQL

regression likelihood
variable B SE B SE B SE
ag -0.558 0.126 |-0.546 0.167 |-0.5420.190
oy 0.146 0.223 |0.097 0.278 |0.77 0.308
oo 1.318 0.177 |1.337 0.237 [1.339 0.270
oqp -0.778 0.306 |-0.811 0.385 |-0.8250.430
c - - 0.236 0.110 [0.313 0.121

sample
10000
10000
10000
10000
10000

We may compare simple logistic, maximum likelihood (from EGRET), penalized quasi-likelihood (PQL)
Breslow and Clayton (1993) with the BUGS results

Bayesian Biostatistics Using BUGS (3)
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5.4.2. Random Effects Logistic
Regression (Seeds)

CONSTRAINING RANDOM EFFECTS
1... Sum-to-zero constraints

2... Hierachical Centering

ALTERNATIVE PARAMETRAZATION FOR Sigma

5.4.2. Random Effects Logistic
Regression (Seeds)

CONSTRAINING RANDOM EFFECTS

1... Sum-to-zero constraints
Why:

(a) Unconstrained b; may not converge
(b) Estimate fixed effects for each subject

Use c[i]:
c[i]~dnorm (0, tau)

b[i]<-c[i]-mean(c[])

Bayesian Biostatistics Using BUGS (3) 3.23
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5.4.2. Random Effects Logistic
Regression (Seeds)

CONSTRAINING RANDOM EFFECTS
2... Hierachical Centering

B = 0 T oqXq; + 00Xy + 00X qiXy
Bi = wtb

logit(p;) = B

B, ~ Normal(y, , )

5.4.2. Random Effects Logistic
Regression (Seeds)

x1[i]

Bayesian Biostatistics Using BUGS (3) 3.24
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5.4.2. Random Effects Logistic
Regression (Seeds)

= | =
=

x2[i]

n[i]
for( IN1:N

5.4.2. Random Effects Logistic
Regression (Seeds)

CONSTRAINING RANDOM EFFECTS

2... Hierachical Centering

advantages:
(a) Gibbs sampler with better correlation
properties
(b) Conditionals for the o parameters are
conjugate=> reduced generation time

Bayesian Biostatistics Using BUGS (3) 3.25



Ioannis Ntzoufras 1/23/2006

5.4.2. Random Effects Logistic
Regression (Seeds)

ALTERNATIVE PARAMETRAZATION FOR Sigma

b[i] ~ dnorm(0.0,1.0) # random effect
#systematic component
logit(p[i]) <- alpha0 + alphal * x1[i] +
alpha2 * x2[i] + alphal2 * x1[i] * x2[i] +
sigma*b[i]

# exponential prior on sigma
sigma~dexp (1.0)

5.4.3. Institutional Ranking (Surgical)

BUGS Examples Vol.1, ogA.15, Example 4

Mortality rates in 12 hospitals performing cardiac
surgery in babies.
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Hospital No of ops

5.4.3. Institutional Ranking (Surgical)

No of deaths

47

148
119
810
211
196
148
215
207
97

256
360

PERgHIEZTOQOQREAEDOQDP

0
18
8
46
8
13
9
31
14
8
29
24

MODEL

logit(p;) = b,

r, ~ Binomial(p; n;)

(1) Fixed Effects Model: p, ~ Beta(1.0, 1.0)
[Uniform Prior on each p;]

(2) Random Effects Model:

5.4.3. Institutional Ranking (Surgical)

b, ~ Normal(mu, tau)
mu ~ Normal(0.0,10°) [Prior]
tau ~ Gamma(10-, 10-°) [Prior]

Bayesian Biostatistics Using BUGS (3)
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5.4.3. Institutional Ranking (Surgical)

BUGS CODE: FIXED EFFECTS MODEL
model {

for( i inl1l : N ) {
r[i] ~ dbin(p[i], n[i])
pl[i] ~ dbeta(1.0, 1.0)

}
}

5.4.3. Institutional Ranking (Surgical)

BUGS CODE: RANDOM EFFECTS MODEL
model {

for( i inl1l : N ) {
b[i] ~ dnorm(mu, tau)
r[i] ~ dbin(p[i],n[i])
logit(p[i]) <- b[i]
}
pop.mean <- exp(mu) / (1 + exp(mu))
mu ~ dnorm(0.0,1.0E-6)
sigma <- 1 / sqrt(tau)
tau ~ dgamma (0.001,0.001)
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5.4.3. Institutional Ranking (Surgical)

for(i IN 1 : N)

5.4.3. Institutional Ranking (Surgical)

for(IN1:N

n[i]

Bayesian Biostatistics Using BUGS (3) 3.29
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5.4.3. Institutional Ranking (Surgical)

RANKING HOSPITALS (WINBUGS)
.. Update 1000 [burnin]

.. Select Inference>Rank

. Set the rank monitor for p

. Update 10,000 iterations
. Select "histogram" or “Stats"option.

A WN e

5.4.3. Institutional Ranking (Surgical)

RANKING HOSPITALS (WINBUGS)

¥ Rank Monitor Tool [x]
¥3update Tool E3 Inference Options
Samples node [ T =] percenties
updates [1000 refresh [100 o &
Fit.
: —— 5
update | thin [1 iteration [0 Canelations — - I
25
I over relax ™ adapting
istoganm| o oiean gg
55
B3 Update Tool

updates [10000 iefresh [100

Lpdate | thin 1 iteration [11000

™ awer relax ™ adapting
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5.4.3. Institutional Ranking (Surgical)

RANKING HOSPITALS
(WINBUGS)

histogram

B.5Rank Monitor Tool X!
node lﬁ percenties

ase io
histogram clear ;g

Tsmmm.- - ‘ "

r | =
ol e
B g K- i
B Ranks =13
node 26%  median 9T.5% =
#1) 1 2 10
ol 5 n 12 |
pl3] 1 8 171
stats o 1 4 s
2] 1 2 El
— pIE] 1 8 10
#I7) 1 5 10
plg] H] 12 12
) 1 6 10
pl10] 2 8 12
pl11] B 10 12
wl12] 1 g 10

5.4.3. Institutional Ranking (Surgical)
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5.4.3. Institutional Ranking (Surgical)

T T T171.

Rank

5.4.3. Institutional Ranking (Surgical)

RESULTS
Considerable uncertainty associated with 'league tables':
(@) only 2 hospitals (H and K) exclude the median rank

(b)  none of intervals fall completely within the lower or
upper quartiles
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5.4.3. Institutional Ranking (Surgical)

RANKING HOSPITALS (Classic BUGS)
Compute Ranks in Bugs:
for (i in 1:N) {
for (j in 1:N) {
not.less.than[i,j]<-step(pl[il-pl[]]):
}
rank[i]<-sum(not.less.than[i,]);
}
step(x)=1 if x>0 and step(x)=0 if x<O0
monitor (rank) # monitor ranks in BUGS
stats (rank) # view stats of ranks in BUGS

5.4.4. Cross Over Trial (equiv)

BUGS Examples Vol.1, ogA. 21, Example 6

Data from a two-treatment, two-period
crossover trial to compare 2 tablets A and B,
as reported by Gelfand et a/(1990, JASA).
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5.4.4. Cross Over Trial (equiv)

Data

Subject i |Sequence seq Period1 T, Period2 T,
1 AB 1 1.40 1 1.65 2
2 AB 1 1.64 1 1.57

3 BA -1 1.44 2 1.58 1

8 AB 1 1.25 1 1.44 2
9 BA -1 1.25 2 1.39 1
10 BA -1 1.30 2 1.52 1

5.4.4. Cross Over Trial (equiv)

Definitions

Two-treatment, Two-period Cross-over trial
Type of randomized clinical trial
Each subject is randomly allocated in two groups
Group 1: receive drug A in period 1 and drug B in
period 2
Group 2: receive drug B in period 1 and drug A in
period 2
Wash-out Period:period of no-treatment between
two active drug periods

Bayesian Biostatistics Using BUGS (3)
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5.4.4. Cross Over Trial (equiv)

Drug 1
Drug 2 Group 1
Period 1 i Wash-out Period Period 2

5.4.4. Cross Over Trial (equiv)

Definitions

Treatment or Drug Effect: The effect of different
treatment or medication

Carry Over Effect: residual biological effect of a 1st
period study treatment
Wash-out period often does not eliminates carry-
over effects

Bayesian Biostatistics Using BUGS (3)
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5.4.4. Cross Over Trial (equiv)

Classical Inference for Treatment Effects
Y; measurement of | subject, k period

Find the differences [Drug 1 -Drug 2]
Ay = Dy =Y, - Y,forgroup 1 [T;-T,+P;-P,]
A, =-D, =Y, - Y;; for group 2 [T;-T,+P,-P,]
Estimate overall effect by

KZ(K1+K2)/2=(51—62)/2

Test H,: Drug-effect [E(A)]= 0 using one-sample t-
test

5.4.4. Cross Over Trial (equiv)

Classical Inference for Carry-over Effects

Previous analysis assumed no carry-over
effects

Find the sum [Drug 1 +Drug 2]:  S; =Y, + Y,

Estimate overall carry-over effect by $=S:-5;

Test H,: Carry-over effect = 0 using two-sample t-
test
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5.4.4. Cross Over Trial (equiv)

MODEL BUILDING
Find the differences [Drug 1 -Drug 2]
Yi; - Yi; ~Normal ( yy, 72) yia Group 1 [AB]
Yi; - Yi; ~Normal ( Y,, T2) yia Group 2 [BA]
M;=n,-n,+d,-d, and p,=n,-n,-d,+d,
Drug effect ¢=(u,-,)/2=(d,-d,)/2
Period Effect n=(p,+y,)/2=(n;-n,)/2
[if n,=n, no period/carry over effect]
Reparametrize py; = (n - @), 4, = (N + ®)/2
therefore D, = Y,; - Y;, ~ Normal ( (n+seq ¢)/2, 72)
seq=-1 if group AB, 1 if group BA

5.4.4. Cross Over Trial (equiv)

MODEL BUILDING

Yy +Y,, ~Normal ( my, T*2) yia Group 1 [AB]
Y;; +Y,, ~Normal ( m,, T*2) yia Group 2 [BA]

Carry Over effect cof=m;-m,
If cof=0 (m;=m,) no carry-over effect
Reparametrize m,=p-cof, m,=p+cof

Bayesian Biostatistics Using BUGS (3)
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5.4.4. Cross Over Trial (equiv)

Random Effects model (No carry-over effect)

Y., ~ Normal(m;, 6 tl)
m, = m+(-1)Tk" 1 ¢o/2 + (-1)% - In/2+4d;
d; ~ Normal(0, t2)

5.4.4. Cross Over Trial (equiv)

Random Effects model (BUGS CODE)
model {

for(kinl : P ) {
for(iin 1l : N ) {
Y[i,k]~dnorm(m[i, k], taul)

m[i, k]<-mu+sign[T[i,k]]*phi/2+
sign[k]*pi/2 +delta[i]

T[i,k]<-group[i]*(k-1.5)+1.5}}
for(iinl : N ) {delta[i]~dnorm (0.0, tau2)}
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5.4.4. Cross Over Trial (equiv)

Random Effects model (BUGS CODE)
taul ~ dgamma (0.001, 0.001)
sigmal <- 1 / sqgrt(taul)

tau2 ~ dgamma (0.001, 0.001)
sigma2 <- 1 / sqgrt(tau2)

mu ~ dnorm(0.0, 1.0E-6)

phi ~ dnorm(0.0, 1.0E-6)

pi ~ dnorm(0.0, 1.0E-6)

theta <- exp(phi)

equiv <- step(theta - 0.8) - step(theta - 1.2)
}

5.4.4. Cross Over Trial (equiv)

Period 1 Period 2
AB M+¢/2+n/2 M-¢/2-n/2
BA M-¢/2+n/2 M+¢p/2-n/2

cof = [(U+@/2+n/2)+(u-¢/2-n/2)]
- [(M -@/2+n/2)+(u+@/2-n/2)] =0

Bayesian Biostatistics Using BUGS (3)
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5.4.4. Cross Over Trial (equiv)

Random Effects model (carry-over effect)

Y., ~ Normal(m;, 6 tl)

m, = m+(-1)Tk" 1 ¢o/2 + (-1)% - In/2+4d;
+(k-1) (-1)T* cof/2

d; ~ Normal(0, t2)

1

5.4.4. Cross Over Trial (equiv)

Period 1 Period 2
AB M+¢/2+n/2 M-¢/2-n/2 +cof/2
BA M-¢/2+n/2 M+@/2-n/2 -cof/2

cof = [(M+¢/2+n/2)+(u-¢/2-n/2+cof/2)]
- [(W -®/2+n/2)+(p+@/2-n/2-cof/2)]

Bayesian Biostatistics Using BUGS (3)

1/23/2006

3.40



Ioannis Ntzoufras

5.4.5. Variance Components Models
(Dyes)

BUGS Examples Vol.1, ogA. 24, Example 7

Box and Tiao (1973) analyse data first presented by
Davies (1967) concerning batch to batch variation
in yields of dyestuff.

The data (shown below) arise from a balanced
experiment whereby the total product yield was
determined for 5 samples from each of 6 randomly
chosen batches of raw material.

5.4.5. Variance Components Models
(Dyes)

Batch Yield (in grams)

1 1545 1440 1440 1520 1580
2 1540 1555 1490 1560 1495
3 1595 1550 1605 1510 1560
4 1445 1440 1595 1465 1545
5 1595 1630 1515 1635 1625
6 1520 1455 1450 1480 1445
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5.4.5. Variance Components Models
(Dyes)

Object of the study:

determine the relative importance of between
batch variation versus variation due to
sampling and analytic errors.

Assumption:

batches and samples vary independently, and
contribute additively to the total error variance

5.4.5. Variance Components Models
(Dyes)

MODEL
y; ~ Normal(my, t,nin)
m; ~ Normal(d, tyetween)
y;  =Yyield for sample jof batch j
m; =true yield for batch j
t.,itnin 1S the inverse of the within-batch variance
Swithin> Variation due to sampling and analytic error
q true average yield for all batches
toetween iNVErse of the between-batch variance

2
Sbetween '
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5.4.5. Variance Components Models
(Dyes)

MODEL
T 2 — 2 2
Total variation c,,i,° = Syithin® * Obetween

Relative contributions of each component to the total
variance are

— 2 2
fithin = Oyithin” / Ototal~ @Nd

- 2 2
fbetween = Opetween / Giotal -

5.4.5. Variance Components Models
(Dyes)

BUGS CODE
model {
for( i in 1 : batches ) {
for( j in 1 : samples ) {
y[i , j] ~ dnorm(m[i], tau.with) }
m[i] ~ dnorm(theta, tau.btw) }
sigma2.with <- 1 / tau.with
sigma2.btw <- 1 / tau.btw
sigma2.total<- sigma2.btw+ sigma2.with
f.with<- sigma2.with/ sigma2.total
f.btw<- sigma2.btw/ sigma2.total
tau.with ~ dgamma (0.001, 0.001)
tau.btw ~ dgamma (0.001, 0.001)

theta ~ dnorm(0.0, 1.0E-10)
1

Bayesian Biostatistics Using BUGS (3) 3.43



Ioannis Ntzoufras

5.4.5. Variance Components Models
(Dyes)

Jomez

GG

for(j IN 1 : samples)

forgi IN1: batches!

5.4.5. Variance Components Models

(Dyes)
node mean sd MC error 2.5% median
f.btw 0.3311 0.2463 0.006816 1.503E-6 0.3261
f.with 0.6689 0.2463 0.006816 0.1863 0.6739
sigma2.btw  2194.0 3832.0 49.2 0.006255 1277.0
sigma2.with  3059.0 1138.0 25.65 1562.0 2815.0
theta 1527.0 21.84 0.2532 1485.0 1527.0

97.5%
0.8137
1.0

10230.0
5880.0
1571.0
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5.4.6. Random Effects Meta-analysis of
Clinical Trials(Blocker)

BUGS Examples Vol.1, ogA. 33, Example 10
Carlin (1992, Stats in Medicine)

22 trials of beta-blockers to prevent mortality after
myocardial infraction

Study Mortality: deaths / total

Treated Control
1 3/38 3/39
2 7/114 14/116
22 22/680 39/674

5.4.6. Random Effects Meta-analysis of
Clinical Trials(Blocker)

Random effects meta-analysis:
Assumption:
the true effect (on a log-odds scale) &, in a trial i is drawn
from some population distribution.
r®, number of events in the control group in trial i,
r. number of events under active treatment in trial i.
MODEL
r¢, ~ Binomial(p®;, n®)
r’. ~ Binomial(pT,, n,)
logit(p%) = w;
logit(p™;) = ; + §;
o, ~ Normal(d, 1)
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5.4.6. Random Effects Meta-analysis of
Clinical Trials(Blocker)

BUGS CODE

model {

for( i in 1 : Num ) {
rc[i] ~ dbin(pc[i], nc[i])
rt[i] ~ dbin(pt[i], nt[i])
logit(pc[i]) <- mu[i]
logit(pt[i]) <- mu[i] + deltal[i]
mu[i] ~ dnorm(0.0,1.0E-5)
delta[i] ~ dnorm(d, tau) }

d ~ dnorm(0.0,1.0E-6)

tau ~ dgamma (0.001,0.001)

delta.new ~ dnorm(d, tau)

sigma <- 1 / sqrt(tau) }

5.4.7. Weibull Regression in Censored
Survival Analysis

BUGS Examples Vol.1, ogA. 54, Example 16

Dellaportas and Smith (1993, Ap.Stats) analyse data
from Grieve (1987, Statistician)
Photocarcinogenicity in four groups, each containing
20 mice.
Recorded:
survival time
whether they died or were censored at that time.
A portion of the data, giving survival times in weeks,
are shown below. A *indicates censoring.
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5.4.7. Weibull Regression in Censored
Survival Analysis

DATA
Mouse Irradiated Vehicle Test Positive
control control substance control
1 12 32 22 27
18 *40 30 24 12
19 31 37 37 17
20 36 27 29 26

¥ indicates censoring.

5.4.7. Weibull Regression in Censored
Survival Analysis

The survival distribution is assumed to be Weibull.

t. ~ Weibull(t, w,)

w=exp( Bz;)

f(t, z) =rwt™ exp( - exp(t) )

t, failure time of an individual with covariate vector z; and
B is a vector of unknown regression coefficients.

Baseline hazard function: Ao(t) =rt?

For censored observations, the survival distribution is a

truncated Weibull, with lower bound corresponding to
the censoring time.

Bayesian Biostatistics Using BUGS (3) 3.47



Ioannis Ntzoufras

5.4.7. Weibull Regression in Censored
Survival Analysis

Prior distributions
f(B)=Normal( 0, 7= 0.0001)
f(r) =Gamma(1, 0.0001)

Median survival for individuals with covariate vector z,
:m; = (exp(-pz) log2)™"

5.4.7. Weibull Regression in Censored
Survival Analysis

BUGS CODE
model {
for(i in 1 : M) { for(j in 1 : N) {
t[i, j] ~ dweib(r, mu[i])I(t.cen[i, j],)
}
mu[i] <- exp(beta[i])
beta[i] ~ dnorm (0.0, 0.001)
median[i]<-pow(log(2) *exp (-beta[i]) ,1/r)
}
r ~ dexp(0.001)
veh.control <- beta[2] - betall]
test.sub <- beta[3] - beta[l]
pos.control <- beta[4] - beta[l] }
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then

31=0

t[i,j]=NA
t.cen[i, j]l=censored time = ind[i,jl*yI[i,]]
dweib(r, mu[i])I(t.cen][i,

y[i, j] is observed time
ind[i,j] is censoring indicator (O=survival,
l=censored)

if i,j observation is survival time then
tli,jl=yl[i,j]
t.cen[1i,
dweib(r, mu[i])I(0,)= dweib(r, mu[i])

if i,j observation is censored observation

31,)

5.4.7. Weibull Regression in Censored
Survival Analysis

5.4.7. Weibull Regression in Censored
Survival Analysis

C

betali]

veh.control

RS

t.cenli, j]

for(j IN 1:N)

for(iIN 1: M)

pos.control

Yot
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5.4.7. Weibull Regression in Censored
Survival Analysis

Other Survival Examples:

BUGS Examples Vol.1, ogA. 57, Example 17
(Weibull Regression with Random Effects, kidney)

BUGS Examples Vol.1, ogA. 60, Example 18
(Survival Analysis Using Cox Regresion, Leuk)

5.4.8. Multinomial Logistic Regression
(Alli/Alligator)

BUGS Examples Vol.2, ogA. 51, Example 14

Agresti(1990, Categorical Data Analysis)
4x2x5 Contingency Table

221 alligators cross classified by

food type (fish, invertebrate, reptile, bird, other)
[Y]

length of alligator (<2.3 and >2.3)

lake (Hancock, Oklawaha, Trafford, George)
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5.4.8. Multinomial Logistic Regression
(Alli/Alligator)

Primary Food Choice

Lake Size Fish Inv. Reptile Bird Other
Hancock <=2.3 23 4 2 2 8

> 2.3 7 0 1 3 5
Oklawaha <=2.3 5 11 1 0 3

> 2.3 13 8 6 1 0
Trafford <=2.3 5 11 2 1 5

> 2.3 8 7 6 3 5
George <=2.3 16 19 1 2 3

> 2.3 17 1 0 1 3

5.4.8. Multinomial Logistic Regression
(Alli/Alligator)

Assume multinomial response with a logit link.
Xj;. ~ Multinomial(py.,n;)

Pik = D / Z b

Oy = exploy + B + vy

Xij. = Xijll---/XijS
Ny = Zy Ko
o= Biy=Py= ¥=71= O (corner constraints)
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5.4.8. Multinomial Logistic Regression
(Alli/Alligator)

BUGS CODE

# LIKELIHOOD
for (i in1 : I) { for (j in 1 : J) {
X[i,J,1:K] ~ dmulti( p[i,]j,1:K] , n[i,]])
n[i,j] <- sum(X[i,],])
for (k in 1:K) {
pli,j, k1<- phi[i,j, k]/sum(phi[i, j,]1)

log(phi[i,j,k]) <- alphal[k] + betali, k]
+ gammal[j, k]

}

5.4.8. Multinomial Logistic Regression
(Alli/Alligator)

Alternatively assume Poisson response
Xijc ~ Poisson (i)
log(Mi)=N; + oy + By + Vi

# POISSON LIKELIHOOD
for (1 in 1 : I) { for (j in 1 : J) {
for (k in 1:K){
X[1i,3,k] ~ dpois( mu[i,j, k])
log(mu[i,j,k]) <- lambda[i,j] + alphal[k] +
beta[i,k] + gammal[j, k]

11}
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5.4.9. Other Interesting Examples

BUGS Examples Vol.1, ogA. 30, Example 9

(Epil: repeated measures on Poisson Counts)

BUGS Examples Vol.2, ogA. 18, Example 7
(Jaw: repeated measures ANOVA)

BUGS Examples Vol.2, ogA. 55, Example 15

(Endo: conditional inference for matched
samples in case-control studies)

Bayesian Biostatistics
Using BUGS BUGS
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