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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]
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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
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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
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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



Ioannis Ntzoufras 1/23/2006

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
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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.

Bayesian Biostatistics Using BUGS (3) 3.26
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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)

1/23/2006

3.27



Ioannis Ntzoufras 1/23/2006

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]
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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% =
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ol 5 n 12 |
pl3] 1 8 171
stats o 1 4 s
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— pIE] 1 8 10
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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
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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
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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

Bayesian Biostatistics Using BUGS (3) 3.36



Ioannis Ntzoufras

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
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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)}

Bayesian Biostatistics Using BUGS (3) 3.38



Ioannis Ntzoufras

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
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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)]
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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
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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

Bayesian Biostatistics Using BUGS (3)

1/23/2006

3.44



Ioannis Ntzoufras 1/23/2006

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)
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