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O... Bibliography
WinBUGS and Related Software

1. WINBUGS 1.4.3
v’ available at http://www.mrc-bsu.cam.ac.uk/bugs/winbugs/WinBUGS14.exe

v' Registration page http://www.mrc-bsu.cam.ac.uk/bugs/winbugs/register.shtml
[FREE]
2.  WinBUGS Development Site
v’ available at http://www.winbugs-development.org.uk/
3.  WinBUGS Online resources (incl. Addins)
v’ available at http://www.mrc-bsu.cam.ac.uk/bugs/weblinks/webresource.shtml
4. OpenBUGS available at http://www.openbugs.info/w/
5.  Classic BUGS 0.6,
v' available at http://www.mrc-bsu.cam.ac.uk/bugs/classic/bugs06/prog06.exe
6. CODA and R-CODA (software for convergence diagnostics)
v’ available at http://www.mrc-bsu.cam.ac.uk/bugs/classic/coda04/cdaprg04.exe
v R-coda available at http://www-fis.iarc.fr/coda/
7. BOA (Excellent CODA clone for R — software for convergence
diagnostics)
v available at http://www.public-health.uiowa.edu/boa/
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O... Bibliography
WinBUGS Manuals and Online Resources

> Spiegelhalter, D., Thomas, A., Best, N. and Lunn, D. (2003). WinBUGS User
Manual, Version 1.4,
O  available at http://www.mrc-bsu.cam.ac.uk/bugs/winbugs/manuali4.pdf
> WinBUGS Examples
Vol 1, http://www.mrc-bsu.cam.ac.uk/bugs/winbugs/Voll.pdf
Vol 2, http://www.mrc-bsu.cam.ac.uk/bugs/winbugs/Vol2.pdf
Vol 3, http://www.mrc-bsu.cam.ac.uk/bugs/winbugs/Vol3.pdf

Additional New Examples http://www.mrc-
bsu.cam.ac.uk/bugs/winbugs/examples.shtml

David Scollnik’s “Actuarial Modeling with MCMC and BUGS”
http://math.ucalgary.ca/~scollnik/abcd,

> GEOBUGS Manual http://www.mrc-bsu.cam.ac.uk/bugs/winbugs/geobugs12manual.pdf
> Additional electronic material (tutorial, courses papers) for WINBUGS

0O ODDOOOD

a available at http://www.mrc-bsu.cam.ac.uk/bugs/weblinks/webresource.shtml .

> WinBUGS THE MOVIE — Online tutorial
a available at http://www.mrc-bsu.cam.ac.uk/bugs/winbugs/winbugsthemovie.html

> Additional documentation and manuals for BUGS/CODA available at
http://www.mrc-bsu.cam.ac.uk/bugs/documentation/contents.shtml .

O... Bibliography
WinBUGS Books (1)

Ntzoufras, 1. (2009). Bayesian Modelling Using WinBUGS.
Wiley.

Book’s web-site
http://stat-athens.aueb.gr/~jbn/winbugs book

FWILLE ===
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O... Bibliography

Bayesian Data Analysis Books

»  Carlin B. and Louis T. (2008). Bayes and Empirical Bayes
Methods for Data Analysis. 3 edition, London: Chapman and
Hall.

Gelman A., Carlin J.B., Sten H.S. and Rubin D.B. (2003). Bayesian
Data Analysis. 2" edition. London: Chapman and Hall.

Bolstad W.M. (2007). Introduction to Bayesian Statistics, 2nd
Edition, Wiley-Blackwell.

Jackman, S. (2009). Bayesian Analysis for the Social Sciences,
Wiley Series in Probability and Statistics, Wiley-Blackwell.

Marin J.M. and Robert C. (2007). Bayesian Core: A Practical
Approach to Computational Bayesian Statistics, Springer Texts in
Statistics.
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O... Bibliography

Bayesian Modelling Books

» Books of P.D. Congdon:

1. (2010). Applied Bayesian Hierarchical Methods. Chapman and
Hall/CRC.

2. (2007). Bayesian Statistical Modelling. 2nd Edition. Willey and Sons.
3. (2003). Applied Bayesian Modelling. Wiley-Blackwell
4. (2005). Bayesian Models for Categorical Data. Wiley-Blackwell.

» Gelman A. and Hill J. (2006). Data Analysis Using
Regression and Multilevel/Hierarchical Models, Analytical
Methods for Social Research, Cambridge University Press.

» Dey D., Ghosh S.K. and Mallick B.K. (2000). Generalized
Linear Models: A Bayesian Perspective, Chapman &
Hall/CRC Biostatistics Series, CRC Press.
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1... GENERALISED LINEAR MODELS

> 1.1. Data
> 1.2. Three Main Components

> 1.3. General Principles of Statistical

Modelling
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1... Generalised Linear Models
1.1. Data

1) RESPONSE VARIABLE (Y)

O also called dependent or endogenous
variable

] Yis a random variable

2) EXPLANATORY VARIABLES (X;):

U Independent or Exogenous variables

U X are usually assumed fixed by the
experiment

@ 2011, 1. Ntzoufras for ISA Short Courses
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1... Generalised Linear Models
1.2. Three main components

(1) RANDOM COMPONENT

QO Y, ~ DISTRIBUTION £{0,)

Q 6, : VECTOR OF PARAMETERS FOR SUBJECT i
(2) SYSTEMATIC COMPONENT

Q ni = Be+BiXyit...+ BpXo
Q n; : Linear Predictor of the model

@ 2011, 1. Ntzoufras for ISA Short Courses
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1... Generalised Linear Models
1.2. Three main components

(3) LINK FUNCTION

U Connects the random component & the linear predictor

Q g@) = ni = Be+BXy+..+ BXi
Q Usually @ is the mean of Y

@ 2011, 1. Nizoufras for ISA Short Courses
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1... Generalised Linear Models
1.3. General Principles of Modelling

> It is art

> All models are wrong
v'Some of them are more useful than others
v'"We seek for models which describe reality
v'"We fit and check many different models

> Always use some diagnostics for checking
the goodness of fit

@ 2011, I. Nizoufias for ISA Short Courses
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2...Introduction to Bayesian Inference

Ladies and Gentlemen I present you

THE POSTERIOR DISTRIBUTION

J 0y

@ 2011, 1. Nizoufras for ISA Short Courses
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The Bayesian approach

Posterior distribution is calculated using
BAYES THEOREM

f®.y) _ f(¥6)/(8)
AG)) 1)

o f(y10)/(6)

Posterior o« Likelihood x Prior
[proportional]

J@ly)=

@ 2011, 1. Nizoufras for ISA Short Courses
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A simple example: Posterior distribution of
the mean of the normal distribution

1. Data/Likelihood: Y, ~ N(p, 0?)
02 here is assumed to be known and constant
2. Prior: M~ N( Mo, 0p2)

3. Posterior: o o’
FOly)=N| wy+(1-w)y,, W

2
O-O
W= 2
o, +0" /n

@ 2011, 1. Nizoufras for ISA Short Courses
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2.2. Posterior distribution

Analytical Calculation of the posterior distribution is
sometimes difficult
»1970s: Conjugate priors resulting in

posteriors of the same type (and known
form)

»>1980s: Asymptotic approximations of the
posterior

»1990s: Obtaining random samples from the
posterior using Markov Chain Monte Carlo
(MCMC) methods.

@ 2011, 1. Nizoufras for ISA Short Courses
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3. Markov Chain Monte Carlo (MCMC)
Methods

Introduction

3.1. Metropolis-Hastings Algorithm

3.2. Gibbs Sampling

@ 2011, 1. Ntzoufras for ISA Short Courses
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3. Markov Chain Monte Carlo (MCMC)
Methods

Existed in the past in physics
»1954 Metropolis et al. (Metropolis Algorithm)

»1970 Hastings (Metropolis-Hastings
Algorithm)

»1984 Geman and Geman (Gibbs Sampling)

»1990 Smith et a/. (Implementation of MCMC
methods in Bayesian problems)

»1995 Green (Reversible Jump MCMC)

@ 2011, 1. Ntzoufras for ISA Short Courses
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3. Markov Chain Monte Carlo (MCMC)
Methods

What is the idea:

Since we cannot analytically calculate the posterior
distribution then we generate a random sample
from this distribution and estimate the posterior

» Describe the posterior using posterior summaries
estimated by the generated sample (e.g. posterior
mean or variance)

» Plot marginal posteriors

» Estimate posterior dependencies using sample
correlations etc.

@ 2011, I. Nizoufias for ISA Short Courses
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3. Markov Chain Monte Carlo (MCMC)
Methods

The logic:

We construct a Markov chain which has a
stationary distribution the posterior distribution
of interest

Every iteration (step) of the algorithm depends
only on the previous one.

We use this chain to “generate” a sample from the
stationary (target) distribution

@ 2011, I. Nizoufias for ISA Short Courses
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3. Markov Chain Monte Carlo (MCMC)
Methods

The procedure

» We specify some arbitrary initial values 9
for the parameters 0

» For t=1,2, ..., T we generate random values
0 according to our algorithm

» When the chain has convergedthen we have
values from the stationary distribution

> We eliminate the initial K values to avoid any
possible effect due to the arbitrary selection
of initial values. (Burn-in period)

@ 2011, 1. Nizoufras for ISA Short Courses
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3. Markov Chain Monte Carlo (MCMC)
Methods

Terminology

> Initial values: Starting values 6@ of the
parameter vector 6. They are used to initialize the
algorithm.

> Iteration: Refers to one iteration of the algorithm
=> to one observation of the generated sample

> Burn—in Period: The period (and the number of
iterations) until the algorithm stabilizes and starts to
give random values from the posterior distribution

@ 2011, I. Nizoufias for ISA Short Courses
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3. Markov Chain Monte Carlo (MCMC)
Methods

Terminology (2)

»Convergence: When the chain is giving
values from the stationary (target)
distribution

»Convergence diagnostics: Tests to assure
convergence

»MCMC output: The simulated sample

@ 2011, 1. Nizoufras for ISA Short Courses
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3. Markov Chain Monte Carlo (MCMC)
Methods

Terminology (3)

» MCMC algorithms are based on Markov chains
=> the generated sample is not IID
=> |.e. there is gutocorrelation between the subsequently
generated values (as in time series data)
» We are interested to eliminate this autocorrelation
1. We monitor autocorrelations using ACF plots
2. If there are significant ACs of order L
=> we keep 1 iteration every L
> Thin: is the number of iterations we eliminate in order to
keep one iteration.
Thinning can be also used to save storing space.

An Introduction to Bayesian Modeling

Using WinBUGS

11/16/2011
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3. Markov Chain Monte Carlo (MCMC)
Methods

ALGORITHMS
»METROPOLIS-HASTINGS ALGORITHM
»GIBBS SAMPLING

»MANY OTHERS MORE ADVANCED (too much
for this sort course)

@ 2011, I. Nizoufias for ISA Short Courses
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4... WinBUGS Language

4.1. Introduction: What is WinBugs?

4.2. A Simple Example

@ 2011, 1. Ntzoufras for ISA Short Courses
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4... WinBUGS Language
4.1. Introduction: What is WinBUGS

»BUGS: Bayesian inference Using Gibbs
Sampling

» Computing Language for definition of the
Model (likelihood, prior)

» Computes the full Conditional
Distributions and generates samples from
the posterior distribution of interest

@ 2011, 1. Nizoufras for ISA Short Courses
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4... WinBUGS Language
4.1. Introduction: What is WinBUGS

Why it is so popular?

1. We need to define only the Bayesian
model (i.e. prior and likelihood)

2. Can estimate posterior distributions for
models where the MLE’s cannot be

obtained easily (or they are not available
in standard packages)

@ 2011, 1. Nizoufras for ISA Short C
"MC, W

ourses
inBUGS and Bayesian Model Selection
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4... WinBUGS Language
4.1. Introduction: What is WinBUGS

e 1989: The BUGS project was initiated by the MRC
Biostatistics Unit  (Spiegelhalter, Gilks, Best,
Thomas).

1996: BUGS version 0.5 for DOS and Unix

1997: BUGS version 0.6 for DOS and Unix

1997: First experimental version of WinBUGS

6th August 2007: Current (and final) version
1.4.3 of WINBUGS, developed jointly with the
Imperial College School of Medicine at St. Mary's,
London.

@ 2011, 1. Nizoufras for ISA Short Courses
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4... WinBUGS Language
4.1. Introduction: What is WinBUGS

e Now & Future: Development of OpenBUGS at
the University of Helsinkiin Finland

[open source experimental version of WinBUGS but
unstable in comparison to WiNBUGS]

http://www.openbugs.info/w/

e WinBUGS web-site:
http://www.mrc-bsu.cam.ac.uk/bugs
(includes a wide variety of add-in software,
W/ll.lft/i!ﬂi:\tjgsh related papers, and course material)

@2 2 IS4
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4... WinBUGS Language
4.1. Introduction: What is WinBUGS

Main Characteristics of WinBUGS

» Continuation of Classic BUGS: Similar + new methodological
developments

» Development page http://www.winbugs-development.org.uk/

» Graphical representation of model using DoodleBUGS

» Menu Driven control of each model session

» Can be called via other packages such as R, Matlab, Excel
» Can be used to estimate parameters of complicated models

@ 2011, I. Nizoufvas for ISA Short Courses
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4... WinBUGS Language
4.1. Introduction: What is WinBUGS

Installation of WinBUGS

1. Download WinBUGS14.exe to your computer from
http://www.mrc-bsu.cam.ac.uk/bugs/winbugs/WinBUGS 14.exe

Double click on WinBUGS14.exe and follow the instructions

Go to c:\Program Files\WinBUGS 14 directory and create a shortcut of file the file
WinBUGS14.exe

Double click on WinBUGS14.exe to run WinBUGS.
5. Download the free key from
http://www.mrc-bsu.cam.ac.uk/bugs/winbugs/WinBUGS14_immortality key.txt
Open the key from WinBUGS and follow the instructions
After following the instructions given in the key, check that the Keys.ocf file in
\WinBUGS14\Bugs\Code\ has been updated. (Some people have found they need to
re-boot the machine to complete installation of the key.)

8. Download the 1.4.3 upgrade patch
http://www.mrc-bsu.cam.ac.uk/bugs/winbugs/patches.shtml

9. Open the patch from WinBUGS and follow the instructions

An Introduction to Bayesian Modeling

Using WinBUGS

11/16/2011
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4... WinBUGS Language
4.1. Introduction: What is WinBUGS

BEWARE:

GIBBS SAMPLING CAN BE
DANGEROUS

@ 2011, I. Nizoufvas for ISA Short Courses
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4... WinBUGS Language
4.1. Introduction: What is WinBUGS

Why it is dangerous for our health (and our
academic status)?

» Wrong Results due to lack of convergence
» Slow convergence

» Bad Starting Values

» Bad Construction of Model

» Over-parameterised Model

» Overflow or Underflow problems (resulting in trap
messages in WinBUGS).

» The program may be very slow or stack and never
finishes.

@ 2011, I. Nizoufvas for ISA Short Courses
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4... WinBUGS Language
4.1. Introduction: What is WinBUGS

Structure of WinBUGS Model code
» Model code

v’ likelihood specification,

v/ prior,

v' other parameters of interest
» Data

» Simple rectangular form and/or
» List form

> Initial Values

> Script file (optional, needed for background running of
the model)

4... WinBUGS Language
4.1. Introduction: What is WinBUGS

Types of files

» ODC files
WinBUGS files where we can write the code and save
results (incl. graphs)

> Simple text files

An Introduction to Bayesian Modeling
Using WinBUGS

11/16/2011
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4... WinBUGS Language
4.1. Introduction: What is WinBUGS

. . .
. . .
. . .
. . .
. . .
. . .

@ 2011, I. Ntzoufras for ISA Short Courses
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4... WinBUGS Language
4.2. A simple example

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

» STUDY OF THE RELATIONSHIP
v'Y : Birthweight
v'X : Estriol level of women
v'Sample Size n=31

» The relationship can be examined in the
following graph

@ 2011, I. Ntzoufras for ISA Short Courses
MCMC, WinBUGS and Bayesian Model Selection
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4... WinBUGS Language
4.2. A simple example

50

40

30

BIRTHWEIGHT g/100

20

0 10

ESTRIOL mg/24hr

@ 2011, 1. Ntzoufras for ISA Short Courses
"MC, WinBUGS and Bayesian Model Selection
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4... WinBUGS Language
4.2.1 Building the Model

»RANDOM COMPONENT: Birth, ~ Normal(p,, 02)

» SYSTEMATIC COMPONENT:

» LINK FUNCTION:

> for i=1,...,31

» PRIORS (Non-informative)
f(a)=Normal ( 0, 10%)
f(B)=Normal ( 0, 10%)

N, = a+pxEstriol,
M.=n;=a+pxEstriol.

f(0%)=Inverse Gamma (104, 104 ) or

__f(r=0%)=Gamma (10, 104)

An Introduction to Bayesian Modeling

Using WinBUGS

11/16/2011
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4... WinBUGS Language
4.2.2 Writing the WinBUGS Model Code

In a file *.ODC we define our model
Distribution commands
v'WinBUGS MANUAL p. 56 — 59
v"Ntzoufras (2009) p. 90 — 91
Commands for arithmetic functions
v'WinBUGS MANUAL p. 13-14
v'Ntzoufras (2009) p. 94

@ 2011, 1. Ntzoufras for ISA Short Courses
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4... WinBUGS Language
4.2.2 Writing the WinBUGS Model Code

Structure:
Shell
model {

... [model commands] ...

}
Main Model
v'Likelihood
v'Prior distributions
v'Additional parameters of interest

@ 2011, 1. Ntzoufras for ISA Short Courses
MCMC, WinBUGS and Bayesian Model Selection
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4... WinBUGS Language
4.2.2 Writing the WinBUGS Model Code

Model Code

» Starts with the command model

» Model code is included in curly brackets {}

» o~ : Defines a random variable (stochastic relationship)
i.e. that a variable “follows” a distribution
(see manual p. 56-59 and Ntzoufras,2009, p. 90-91 for commands)

» <- : Defines an equality (deterministic relationship )
(see manual p. 13-14 and Ntzoufras,2009, p. 94 for commands)

@ 2011, 1. Ntzoufras for ISA Short Courses
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Distributions in WinBUGS ()

Discrete Univariate  [top|home ]

Bernoulli
r ~ dbern(p) pT(1—p) I=r. »=0.1
Binomial
r ~ dbin(p., n) n! - S
m;) A-p™" r=0,..,n
Categorical
r ~ deat(p[]) plr]; r=1,2,..,dim(p); > .pli =1

Negative Binomial

% “ dnegbin{p. 1) (z+r-1) .
———— T L —m)®: =101,2,
z!l(r—1)!
Poisson
”
r ~ dpois(lambda) A
e A —; r=0,1
r!
(@ 2011, I. Nizoufras for 154 Short Courses
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Distributions in WinBUGS (lI)

Continuous Univariate  [top|home |
Beta
p ~ dbeta(a, b) : I'(a+b)
=1 -p-l_—L. O0<p<l
g {1 ~p) T@T ) I
Chi-squared
% ~ dehisqr(k) 9=k/2k/2—1 —x/2
—_—En >0
I'(3)
Double Exponential
P T
% “iddexp (s tan) sexp(-T|z —p|); —co<z<00
Exponential
% ~ dexp(lambda) /\(’_M: x>0
Gamma
x * dgamma(r, mu) H"_r"‘_'(;:_.‘“'
—_—: x>0
I'(r)
Generalized Gamma
® ¥ gen.gamma(r, mu, beta) J¢]
o) prafr=texp [—(px)?]; x>0

47

Log-normal
% ~ dlnorm(mu, tau)

Logistic
x ™ dlogis(mu, tau)

Normal
% ™ dnorm(mu, tau)

Pareto
% ™ dpar(alpha, <)

Student-t

x ~ dt(mu. tau, k)

Uniform
% ™ dunif(a. b)

Weibull
x ™ dweib(v, lambda)

Distributions in WinBUGS (llI)

.\/g} exp {—%(](Jg.r - ;1)2) x>0

Texp(T(z — p))
(1 +exp((x — i)))*’

T E
‘{ﬁoxl’{_%(‘r_ﬂ)'))i —0 < T <0

actz—letl),  z o

-0 < T <

L) [T e
el Ve (R

a1 =lk+1) /2
!..).’] M /<.

d <xr<b
— @ e
b—a

vArt~texp(—AzY); x>0
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Distributions in WinBUGS (1V)

Discrete Multivariate  [1op|home |
Multinomial

x[]  dmulti(p(]. N) (3 x:) I.2%
=i 2P
1! ik

Yuzi=N; 0<p<]l; Tupi=1
Continuous Multivariate [ iop | home |

Dirichlet
pl] ™ ddirch{alpha[])}

F[Z rllll,.ll.;’l:___!:

[L:T(as)

O<pm<ly Y,pi=1

Multivariate Normal

=[] ~ dmorm(mu(]. TL.1)  (20)~2|T[¥2exp (-L(x — )Tz — p));
—00 < X < 00

Multivariate Student-t

x[] ~ dmt(mu[]. T[.]. k) L((k+d)/2) (|12

T (k/2) k222 |

* [l + J—I\(e - p)'T(x— ;1]]

—w<r<oo; k>2

—(k+d)j2

Wishart
x[,] ~ dwish(R[.]. k) | RI*/2)x IJ-'-J'-H_"'J..XI}(__!I Tr(Rz));

x symmetric & positive definite

49

4... WinBUGS Language

4.2.2 Writing the WinBUGS Model Code

IN OUR EXAMPLE
MAIN MODEL

Normal Distribution: y~dnorm( mu, tau )

mu= mean
tau= precision = 1/0?2

Gamma Distribution : y~dgamma ( a, b )
mean= a/b

x[i] : i element of vector x

d[i,3j] :element of i row and j column of table d

@ 2011, 1. Ntzoufras for 0 U
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4... WinBUGS Language
4.2.2 Writing the WinBUGS Model Code

for (1 in 1:n) {

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

(1) Birth, ~ Normal(p,, 02
(2) n; = a+PxEstriol,
(3) B=n;=a+PxEstr0l;
fori=1,...,3
PRIORS
f(a)=NormaI ( 0, 104 ) a~dnorm(0.0,1.0E-04)
f(B)=Normal ( 0, 10* ) b~dnorm(0.0,1.0E-04)
f(T)=Gamma(10%,10*) tau~dgamma (1.0E-04,1.0E-04)
0-2=1/ T s2<-1/tau

mu[i] <-at+b*estrioll[i]

@ 2011, I. Ntzoufras for ISA Short Courses
MCMC, WinBUGS and Bayesian Model Selection 51

4... WinBUGS Language
4.2.2 Writing the WinBUGS Model Code

» Start WinBUGS
>Seleqt “New” from file bar

LA WinbiLIG513
Eie Tooh Edk Amibules Info Model infererce Ootion: Doodle Test Windw Help
Upen..
Saveds.
Clnae
Page Eokp ot doctamertntion whethis electronk: of prireed
Bt ClsE | P CkADE") i made avadskie wider a fomrios
bovky in e diance wilh b berms of Shel e
Serad Docunerd.. een you (it Licensee: 1, 8l METC 80 sl
Serd Mot by ninat Wericine (the Licenans) The famma of the ieencs see
fat
Users are recurea 1o regater andio pay o fee for ottne
AnBLICE PACKAGE Dt of fees nnd the peoe:
ETIAON B ACCAPINNEE 0F the b oot bt

There is 0 fee payabbe for e e of ety
VAR

et version of lhe
'S packags. Users of s SAmonstration wersion of th VAnELGS.
£ g full ynrsion aien

The currend fes is zevw dolars (300,

Dy Compiting] sl sending the resastrabion ¥ou GEMEnsirate Your sgresment 1
thee trrme ot this Beence and will becnme kgaly houn b e terma therein

1 e siatistical todis
@ 2011, I Nizoufras for IS VAPEUIS PACKAGE see by Uit wery nebirs oerly sulocts. The Licahser canct
MCMC, WinBUGS and Ba||  ary wusisisce wrlls siricly e o il o ey # Bvere 52
prkdem KAGE.
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4... WinBUGS Language
4.2.2 Writing the WinBUGS Model Code

Write the Model Commands

EﬂWinBUESIB - [untitled1]
@ File Iools| Edit Attrbutes  Info  Model Inference Option: Doodle Test wWindow Help

model estrial;
i
# definition of likelihood function
#
for (iin1:n) {
hirth[il~dnormi mufi], tauw ); # random component
muli]=-a star+b*(estriolli]-meantestriol[[)); # systematic component
#  &link function
¥
# priar distributions
#

& star~dnarm 0, 1.0E-04 3; # normal prior for &

bednormi O, 1 .0E-04 %; # normal prior for b

tau~dgammal 1 .0E-04 | 1 .0E-04 1, # gamma priot for precision
2=-1 tau;

&=-a.star-b*meaniestrioll]);

-

53

4... WinBUGS Language
4.2.2 Writing the WinBUGS Model Code
» Write the Model Commands

> Followed by the initial values
list(a.star=0.0, b=0.0, tau=1.0)

»>and the data

list (n=31)
estriol[] birth][]
725

925

25 39

24 43

END

Empty line *~

An Introduction to Bayesian Modeling
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4... WinBUGS Language
4.2.2 Writing the WinBUGS Model Code

Alternative way of defining data (using list
format)

list (n=31,
estriol=c(7, 9, 9, 12, 14, 16, 16,
14, 16, 16, 17, 19, 21, 24, 15, 16,
17, 25, 27, 15, 15, 15, 16, 19, 18,
17, 18, 20, 22, 25, 24),
birth = c(25, 25, 25, 27, 27, 27, 24,
30, 30, 31, 30, 31, 30, 28, 32, 32,
32, 32, 34, 34, 34, 35, 35, 34, 35,
36, 37, 38, 40, 39, 43)

5... Running a model in WinBUGS

5.1. Generating values from the posterior
5.2. Analysis of the MCMC output

5.3. Running the model in the Background
Using Scripts

5.4. Deviance Information Criterion (DIC) in
WINBUGS
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5... Running a model in WinBUGS
5.1. Generating values from the posterior

= LES;E'?;SEM[] L [t star=0.0, b=0.0, tau=1 .0)
‘ 7 25 ¢ (] Inference D

Speciication

I Enitan et

Save State

Update

IS4 S S L =

MeMC, u’m&/(}; and Bayesi 57
5... Running a model in WinBUGS
5.1. Generating values from the posterior
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| | a7
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5... Running a model in WinBUGS
5.1. Generating values from the posterior

1... Check Model

HIGHLIGHT THE MODEL COMMAND
B WinBUGS13
File Toolz Edit Attibutes Info Model Inference Options Doodle Text “Window Help

estriol [ [O]
Wllsls estriol; =
i
# definition of likeihood function
#
for (iin1:n){
birth{i]~cdnatm muli], tau ) # random component
mui]=-a.star+h*(estriol[i}-meaniestriall])); # systematic component
# & link function
¥
# prior distributions
#
a.star~dnormi 0, 1.0E-04 7, # normal priar far &
b~dnorm( 0, 1 0E-04 3, # normal prior for b
: ; 80 6 o6 0o Eas o .. .. =
1] | AW
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5... Running a model in WinBUGS
5.1. Generating values from the posterior

1... Check Model

SELECT “SPECIFICATION” FROM “MODEL” MENU

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

RS
estriol, Hpdater -
[ SR D

# definition of likelitbood funct I atiitar 2
#
for (iin 1:m) { Save State
birth{il~dnorm muli], ta Seed
mulil=-a.star+h*testriole——=—" | 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

oL . -
| | 2
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5... Running a model in WinBUGS
5.1. Generating values from the posterior

1... Check Model

SELECT “CHECK MODEL”

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

estrial;
i
# definttion of likelihood function
#
for (iin1:n) {
birth[i]~drnormi mufi], tau ) &
mufi]=-a.star+b* estriollil-me

# &l

¥
# prior distributions

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

sy Check model |

estnol O]

Eﬂﬁpecilicalion Tool

|mad data |

COMple | nurn of chaing |1
|mad|imits | far chain E
dEr it |

1]

| A
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5... Running a model in WinBUGS
5.1. Generating values from the posterior

1... Check Model

IF SYNTAX IS CORRECT THEN

S (masi] s |
:;'“:ﬁ";:::fé e T
L e T H

& star—arcem 0,1 64 =
Enami &, 1 DE0A | # namal

]
1 e e

I model iz syntactically comrect
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5... Running a model in WinBUGS
5.1. Generating values from the posterior

2... Load Data

HIGHLIGHT “LIST” OR THE 1ST LINE OF THE DATA

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

a=-a.star-b*meaniestriol[]); check model | load data |

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

& estriol =]
b~dnorm( 0, 1.0E-04 ; # normal nrioe foe b
tau~dgammal 1.0E-04 | 1.0E-04 EﬁSpecilicalion Tool
32=-1fau;

compile | numofchains|1 _I

Bin=31)
estriol[] birth(] s X
. | itiits | for chain ITE
9 23
9 25 aEr Ihits |
12 27
q | Ml 4
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5... Running a model in WinBUGS
5.1. Generating values from the posterior
CLICK THE BOX “LOAD DATA”
File Toolz Edit Attibutes Info Model Inference Options Doodle Test Window Help
& estriol
b~dnorm( 0, 1.0E-04 ; # normal nrioe foe b
32=-1fau;
a=-a.star-b*meaniestriol[]); check modell load data |4
I
list(a star=0.0, b=0.0, tau=1.0
. St compile | numofchains|1
Bin=31)
estriol[] birth(] P .
. | itiits | for chain ITE
9 23
9 25 aEr Ihits |
12 27
1 |
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5... Running a model in WinBUGS
5.1. Generating values from the posterior

2... Load Data

HIGHLIGHT ADDITIONAL DATA

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

& estriol =]
b~dnorm( 0, 1.0E-04 ; # normal nrioe foe b
tau~dgammal 1.0E-04 | 1.0E-04 EﬁSpecilicalion 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
Il il | imits | for chain |1_E
aEr Ihits |

| H
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5... Running a model in WinBUGS
5.1. Generating values from the posterior
2... Load Data
CLICK (AGAIN) THE BOX “LOAD DATA”
File Toolz Edit Attibutes Info Model Inference Options Doodle Test Window Help
& estriol [_ (O] x]
b~dnorm( 0, 1.0E-04 ; # normal nrioe foe b
32=-1fau;
a=-a.star-b*meaniestriol[]); check model | load data |4
I
list(a star=0.0, b=0.0, tau=1.0
. ' ot compile | nLm 0fchains|1
listin=31)
| itiits | for chain ITE
aEr Ihits |
1 |
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5... Running a model in WinBUGS
5.1. Generating values from the posterior

2... Load Data

IF DATA ARE LOADED THEN

| data lnaded

@ 2011, 1. Ntzoufras for ISA Short Courses 12

MCMC, WinBUGS and Bayesian Model Selection T RO By L N P e e L O T ST

5... Running a model in WinBUGS
5.1. Generating values from the posterior

3... Compile Model

HIGHLIGHT “MODEL” COMMAND (AGAIN)

Fle Tools Edit Attributes |nfo Model Inference Options Doodle Text Window Help

E estriol [_[O]
Wk estricl; =
{ Eﬂ Specification Tool
# definition of likelihood function
# check mode! | load data |

for (iin1:n) {
birth{i]~dnormi muli], tau ), & = :
mufi]<-a.star-+b*estriolli]-me compile | rum of chaing |1
A EIr
} [zt | torchan

¥ priar distriautions |mad imite for chain I_E

#

a.gtar~dnorm( 0, 1.0E-04 3; # nol GEH it |

b~dnormi 0, 1.0E-04 3; ¥ normal

: : B0 em o 0 c o8 baw s o -
| | AW
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5... Running a model in WinBUGS
5.1. Generating values from the posterior

3... Compile Model

CLICK ON BOX “COMPILE”

B dWinBUGS13

Fle Tools Edit Attributes |nfo Model Inference Options Doodle Text Window Help

& estriol [_[O]
Wk estricl; =
{ EﬂSpecilicalion Tool
# definition of likelihood function
# check mode! | load data |

for (iin1:n) {

birth{i]~drormi mufi], tau

I3
muli]=-&.TEPETESEE | compile | num ofchains|1

® &l

¥ ini | i |1
¥ priar distriautions | itiits far chain E
#

a.gtar~dnorm( 0, 1.0E-04 3; # nol GEH it |

b~dnormi 0, 1.0E-04 3; ¥ normal

< |
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5... Running a model in WinBUGS
5.1. Generating values from the posterior

3... Compile Model

IF MODEL COMPILED THEN

of Meiod Rurcton, :m“ — I

b et o | [T e [T
e

P PP aen| o T
’

st 0, 1 604 |
oo 2, 1 0604 | # normal

I model compiled
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5... Running a model in WinBUGS
5.1. Generating values from the posterior

4... Load or Generate Initial Values

HIGHLIGHT “LIST” OF INITIAL VALUES

File Toolz Edit Atibutes Info Model Inference Options Doodle Test “Window Help

a estriol M=
s2=-1kau; j‘
a=-a.star-b*meaniestriol]); Eﬁ Specification Tool

I

BRia.star=0.0, b=0.0, tau=1.0) check madel | |vad data |

listin=311 = .

estriol[] birth[] il num of chaing I'I

i = B
5 o load inits far chain I_E
16 27

a | Ml

urses
el Selection 71

5... Running a model in WinBUGS
5.1. Generating values from the posterior

4... Load or Generate Initial Values

CLICK ON BOX “LOAD INITS”

File Toolz Edit Atibutes Info Model Inference Options Doodle Test “Window Help

a estriol M=
s2=-1kau; j‘
a=-a.star-b*meaniestriol]); Eﬁ Specification Tool
I
BRia.star=0.0, b=0.0, tau=1.0) check madel | |vad data |
list(n=311 - :
extriol] birth[] il num of chainz |1
F-]
89 25 . q _I
— 1
A o load inits far chain I E
12 27
16 27
s — -
1] | 27
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5... Running a model in WinBUGS
5.1. Generating values from the posterlor

4... Load or Generate Initial Values
IF INITIAL VALUES ARE LOADED THEN

[initial values loaded: model initislized

\

@ 2011, I. Ntzoufra. /ISA?/

urses gl ~
MCMC, WinBUGS and Bay \/ldIYI ction Mlﬂﬂd&lﬁll | et o [[Fwretns1s  fjovioowa: e | S S 08

5... Running a model in WinBUGS
5.1. Generating values from the posterlor

4... Load or Generate Initial Values

NOW WINBUGS IS READY TO GENERATE
SAMPLES USING GIBBS SAMPLING

2011, I Ntzoufra: /ISA?/
mwcu nBUGS and Bay \/IdIYI:Iimz
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5... Running a model in WinBUGS
5.1. Generating values from the posterior

5... GENERATING BURN-IN VALUES

SELECT “UPDATE” IN “MODEL” MENU

BaWinBUGS13
File Tools Edit Atrbutes Info | Model Inference  Options Doodle Test Window Help

b~dnorm( 0,1 .0E-04 ) ¥ no
tau~cgammal 1.0E-04 | 1.0F
s2=-1kau;

-a.star-b* ztriol[]);
, a=-a.ztar-b*mean(estriall]); e iz

Specification...

Update. ..

el it ff et

|Ead data |
Sg_??: _______ hum of chains |1 ._I
list(n=311

esiol] i) loadints | forchan [T [}

ar=0.0, b=0.0, tau=1.0)

9 25
9 25
12 27
ol -
a | M
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5... Running a model in WinBUGS
5.1. Generating values from the posterior

5... GENERATING BURN-IN VALUES

GIVE THE NUMBER OF BURN-IN ITERARATIONS

File Toolz Edt Atibutes Info Model Inference Options Doodle Test Window Help

a estriol 9 [=]
b~drorm( 0,1 .0E-04 ), # normal prior for b j‘
tau~dgammal 1 .0E-04 | 1.0E-04 ), ¥ gamma prior for precision
s2=-11au;
a=-a.star-b*meaniestrioll]);

'
EEE TR eud U pdate Tool
updates I refresh I‘IDD _I

list(n=31]

estrial]] hirth[] o P

7 25 Lpdate | thiri I‘I iteration IIJ

9 25 g

— ™ over relax I™ ladapting

1227

PP -
1 | vl
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5... Running a model in WinBUGS
5.1. Generating values from the posterior

5... GENERATING BURN-IN VALUES

CLICK ON UPDATE TO GENERATE VALUES

B awinBUGS13
File Toolz Edt Atibutes Info Model Inference Options Doodle Test Window Help

a estriol 9 [=]
b~drorm( 0,1 .0E-04 ), # normal prior for b j‘
tau~dgammal 1 .0E-04 | 1.0E-04 ), ¥ gamma prior for precision
s2=-11au;
a=-a.star-b*meaniestrioll]);

} EiUpdateTool __ E
BRI Ry el Update Tool

updates I- 000 refresh I‘IDD

list(n=31) P —I
estriol]] hirth q . .

7 ag —u_» update | thin I‘I iteration ID

9 3

9 25 ™ over relax ™ adapting
12 27
Ep— -
1 | [
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5... Running a model in WinBUGS
5.1. Generating values from the posterior

6... MONITORING PARAMETERS

SELECT “SAMPLES” IN “INFERENCE” MENU

P winBUGS13

File Tools Edit Atributes Info Model | Inference Options Doodle Text Window Help

Sorples

Fit...
Lorrelations .

brcinorimi O, 1.0E-04 3 # normal pric
tau~dgammai 1.0E-04  1.0E-04 7, #
=2=-1 tau;

Summary...
a=-a.star-b*meaniestriol]]);

BRank...
list(a.star=0.0, b=0.0, tau= g3 Update Tool B3

dal I‘IDDD fresh |1DD
list(=31) updates refresl _I
§31rlgg] kirth] Lpdate | thin |1 iteration |1DDD

9 25 .

g 25 I™ over relax [~ adapting

12 27

PP v
4] | v
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5... Running a model in WinBUGS
5.1. Generating values from the posterior

6... MONITORING PARAMETERS

WRITE NAME OF MONITORED PARAMETER

M awinBUGS513
File Toolz Edt Atrbutes Info Model Inference Options Doodle Test Window Help

& estriol 3] x|
b~d EﬂSample Monitor Tool S

tau- .
—-E—mtﬂ j chainsl‘l_ to [1 percentiles

Fet
;at(j beg |1 end [1000000 | @i [ 15D I
jst(a.sta

25 - J

list(n=31" clear | SEf | lif=le= | histor_l,ll densityl
estriall] £ gg
; 3: shars | coda | quantilesl G diagl e | 5
9 25
12 27
4| | o
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5... Running a model in WinBUGS
5.1. Generating values from the posterior
CLICK ON “SET” BOX
M awinBUGS13
File Toolz Edit Atibutes Info  Model Inference Options Doodle Test Window Help
a estriol O] x|
?QL: node Ia j chains|1_ ta |1 percentiss
a-t
@ bea |1 end 1000000 ip |1 zg :
i """" s et frace | Fiistary dEmsity _I
estrioll] £ gg
; ;g shafs | codsa | quantilesl (56 diagl At | 95
89 25
B -
q | A
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5... Running a model in WinBUGS
5.1. Generating values from the posterior

6... MONITORING PARAMETERS

»WRITE “a” AND CLICK “SET” BOX
»WRITE "b” AND CLICK “SET” BOX
»WRITE “s2” AND CLICK “SET"” BOX

@ 2011, 1. Ntzoufras for ISA Short Courses
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5... Running a model in WinBUGS
5.1. Generating values from the posterior

/... GENERATING POSTERIOR VALUES

SELECT “UPDATE TOOL” UPDATE 1000
ITERATIONS

B:a Update Tool

—] D0 Etes |1EIDEI refresh I'ID
). Update | thin |1 iteration I'IUUU

[~ aver relax [ adapting
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5... Running a model in WinBUGS
5.2. Analysis of the MCMC output

8a... Obtaining posterior summaries

USELECT “SAMPLE MONITOR TOOL” AND
WRITE NAME OF DESIRED PARAMETER
[*=ALL MONITORED PARAMETERS]

B8 5ample Monitor Tool E3

> node Ix j chains|1_ o |1_ percentiles

beg |1 end |1000000 g |1 150

25
clear | et | trace | histiry | densityl e

0
shats | coda | quantilesl GR diagl autal | 95
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5... Running a model in WinBUGS
5.2. Analysis of the MCMC output
8a... Obtaining posterior summaries
LUCLICK ON “STATS” BOX
hiode Ix j chains|1_ o |1_ percentiles
beg |1 end |1000000 i |1 15,:,
25
trace | histary | densityl u
a0
—m coda | quantilesl GR diagl autaC | 95
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5... Running a model in WinBUGS
5.2. Analysis of the MCMC output

8a... Obtaining posterior summaries
U A Table with the posterior summaries

will appear

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
@ 2011, I. Ntzoufras for ISA Short Courses
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5... Running a model in WinBUGS
5.2. Analysis of the MCMC output

8b... Obtaining trace plots for all

generated values
UCLICK ON “HISTORY” BOX PRODUCES TRACE

PLOTS
B8 Sample Monitor Tool E3
hiode Ix j chains|1_ o |1_ percentiles
A
beg |1 end |1000000 i |1 10
25
“ higtar I deniit

Y Y | 75

: a0

ztats | coda | quantllesl GR diag | autol | 95
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5... Running a model in WinBUGS
5.2. Analysis of the MCMC output

s » Trace plots will
=2 oM lgh | appear
15.0F
oL : : : — > All values must be
1001 1250 1500 1750 2000 . . .
e stabilised within a
b
sl zone of values.
1.0F
| W%MMWMMWWMWWWMMWWMMwmmwwww > Ups and downs
ool ' ' , , indicate
1001 1250 1500 1750 2000 .
autocorrelation or
| non-convergence
200
20.0}
10.0F
0.0F
14501 11;50 15‘00 17‘50 2600
iteration 87

5... Running a model in WinBUGS
5.2. Analysis of the MCMC output

8b... Obtaining online trace plots
UCLICK ON “TRACE” BOX PRODUCES TRACE
PLOTS

QO This will produce animated trace plots updated online

node Ix j chains|1_ ta |1_ percentiles

beg |1 end [1000000 | i [ 2

25
trace I higtary | densit_l,ll "

a0
shats | coda | quantilesl GR diagl autol | 35
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5... Running a model in WinBUGS
5.2. Analysis of the MCMC output

’@ » Online updated trace

7] ; lots will appear
A0 L 1 4
20 ."»'M,;"f‘nglluﬂ'ﬂ'.h'-\'\,. ('w'\.‘\'w\\"'v'.-?e\’g.‘,w-‘% y-,lll,-‘-’-’m_lrﬂi\."‘ﬁxw*}.-‘*',-‘er'r-ﬁf'b\\l,\"- p pp
150 ' ' ' . .
- Sk e » This is for 1000
550 00 2650 2700 750 2800 2850 2600 2950 . .
cocal iterations updated

b
1 every 100
0s -"’*’\*"’.-“,V"I""F;"!M“l‘-.-"f".'r‘--‘*\-"v\.-'.ﬁ'é\.'-'f’»a“v'“‘u"“" 3'F'A'WME'"“-J\-'['A-.'L"‘q'-r\‘«"'nj"\_*'nﬂ‘ iy
oo
P P ., S, s P %

Heration

82
800
400 3
200 8 eyl Hrit o VA -;4JJ.—ﬁf‘,vu.MJ\,\'&F:\.»'@.'W\\_4\..'.‘,'..*.«::‘-,
oo

2550 2600 2650 2T rs0 2800 2850 2800 2950

feration

89
5... Running a model in WinBUGS
5.2. Analysis of the MCMC output
8... SUMMARIZING THE POSTERIOR
CLICK ON “DENSITY” BOX PRODUCES PLOTS
OF THE ESTIMATED DENSITY FOR THE
POSTERIOR DISTRIBUTION
a sample: 1000 b sample: 1000 s2 sample: 1000
AN AN A
S , %
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5... Running a model in WinBUGS
5.2. Analysis of the MCMC output

8... SUMMARIZING THE POSTERIOR

CLICK ON “QUANTILES” BOX PRODUCES THE
FOLLOWING GRAPHS

a b s2
30.0f 100 30.0
250 -7 08r 0|
00— — 06p 15.0

' s I 100
150~ TTToo T TE T 0.2t s 5.0
T T T T T T T T T T T T T T
1041 1250 1500 1750 1041 1250 1500 1750 1041 1250 1500 1750
iteration iteration iteration
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5... Running a model in WinBUGS
5.2. Analysis of the MCMC output
8... SUMMARIZING THE POSTERIOR
CLICK ON “AUTOC” BOX PRODUCES AUTO-
CORRELATIONS PLOTS
a b s2
1.0+ 100 10F
ol ool ool
050 0.5F 0.5}
1.0 1.0F 1.0
0 20 40 0 20 40 0 20 40
lag lag lag
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5... Running a model in WinBUGS
5.2. Analysis of the MCMC output

8... SUMMARIZING THE POSTERIOR

» “CODA” BOX PRODUCES LIST OF DATA IN FORM
THAT CAN BE LOADED BY CODA SOFTWARE

» “GR DIAG” BOX PRODUCES CONVERGENCE
DIAGNOSTIC (DEMANDS MULTIPLE CHAINS)

@ 2011, I. Nizoufvas for ISA Short Courses
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5... Running a model in WinBUGS
5.3. Running the model in the Background Using Scripts

5.3.1. Introduction
BATCH MODE METHOD: SCRIPTING
only available in WINBUGS 1.4 and later versions
» Alternative way to generate random variables without
“clicking” around and having to wait for the results to ask
for specific output analysis
» We need at least 4 files in WinBUGS (odc or txt format)
1. Script code (with commands for generation and output
analysis)
2. Model code
3. Datafiles (it can be more than one)
4. Initial values files (1 for each chain )

@ 2011, 1. Nizoufras for ISA Short Courses
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5... Running a model in WinBUGS
5.3. Running the model in the Background Using Scripts

Example script.odc

Click on

BackBugs14.Ink

Within the WINBUGS14 directory
Usually in c: \Program Files\Winbugsl4\

@ 2011, I. Nizoufvas for ISA Short Courses
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5... Running a model in WinBUGS
5.3. Running the model in the Background Using Scripts

Open the script file
c:\Program Files\Winbugsl4\script.odc

We can run this script (and the corresponding
model) in the background by selecting

MODEL>SCRIPT

@ File Tools Edit Attibutes |nfo | Model Inference Options Doodle Map Tewt Window Help

display('log’)
check{TestSeeds_mod ') Update..
data(Test'Seeds_datbd)  — oimer
compile(2) B
inits(1, TestSeeds_inbd) | Savestae
inits{2, TestiSeeds_in1bd')  Seed.

@20f Qen.inits()
e update(500)

Specification. .

96
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S5.

.. Running a model in WinBUGS

5.3. Running the model in the Background Using Scripts

5.

>
>

Y VvV

3.2. Some script commands
display('log') : Opens a log file where it stores all results
check ('Test/Seeds_mod. txt') : Check the syntax of the

model code in file Seeds_mod. txt placed in the sub-directory
Test.

data('Test/Seeds_dat.txt'): Loads the data from file
Seeds_dat. txt placed in the sub-directory Test.

compile (2) : Compilation and initialization of 2 chains.

inits (1, 'Test/Seeds_in.txt'): Loading the initial values
of the first chain from file Seeds_in. txt placed in the sub-directory
Test.

@ 2011, 1. Ntzoufras for ISA Short Courses
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S5.

.. Running a model in WinBUGS

5.3. Running the model in the Background Using Scripts

5.3.2. Some script commands (2)

>
>

>

Y

>
>

@ 2011, 1. Ntzoufras for 0 U
MCMC, WinBUGS and Bayesian Moa

gen.inits () : Generation of initial values

update (500) : Generation of 500 values (iterations) (Burn-in
period) -

set (alpha0) : We start monitoring (i.e. saving) the generated
values for parameter/node alphao .

update (1000) : Generation of additional 1000 values/iteratons .

stats (*) : Descriptive statistics from the simulated sample of all
monitored parameters

history (*) : Trace plots for all monitored values
trace (*) : Dynamic (on-line) Trace plot for all monitored values

98
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S..

. Running a model in WinBUGS

5.3. Running the model in the Background Using Scripts

5.3.2. Some script commands (3)

>

Y V¥V

density (*) : Kernel density plot of the posterior distribution of all
monitored parameters

autoC (*) : Autocorrelation plots of all monitored parameters
quantiles (*) : Quantiles plots of all monitored parameters

coda (* ,output) : Saving all values of the monitored parameters
in the file output in a CODA format. If the namefile is empty then two
WiNBUGS windows are opened with the corresponding files.

save ('seedsLog') : Saves all results of the log window in file
seedLog.odc (WINBUGS format including diagrams). If the file has
txt suffix then all results are saved in text format file without any
figures and graphs.

quit () : Exits WinBUGS

S..

. Running a model in WinBUGS

5.3. Running the model in the Background Using Scripts

5.3.2. Background running of Estriol example
Step 1: Create 5 files

=

ua b~ W

. script.odc
. model.odc
. data.odc

. data2.odc

inits.odc

Step 2: Open SCRIPT.ODC and run it from

@ 2011, 1. Nizoufras for
MCMC,

MODEL>SCRIPT.

100

0 l
WinBUGS and Bayesian Moa
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» Smaller DIC values
fitting models.

» must be used with caution.
that the posterior mean can be

» Problems when posterior
distributions are not

symmetric or unimodal.

@ 2011, I. Nizo urse

5... Running a model in WinBUGS
5.4. Deviance Information Criterion (DIC) in WINBUGS

DIC

» was introduced by Spiegelhalter et al.

(2002) . Cptions

» measure of model comparison and I

adequacy. Sl
Campare...

» Equivalent to AIC for simple models
indicate better-

aummarsy. ..
It assumes Rank. ..
used as a

“good" summary of central location for
description of the posterior distribution.

Zorrelations

The procedure for calculating DIC
is the following:
Press the set button to
start storing DIC values.
Return to the Update Tool
and generate additional
values (e.g. 1000).

Press the DIC button to
obtain the results.

CEX
Dbar = post.mean of ZlogL; Dhat= 2LogL at post.mean of =
stochastic nodes
Dhar Dhat pD Dic
birth 172.134 169.074 3.059 175193
total 172134 169.074 3.059 175.193 -

5... Running a model in WinBUGS
5.4. Deviance Information Criterion (DIC) in WINBUGS

E‘E Update Tool I
) Updates I‘IEIDD refresh |1D
el Update | thin |1 iteration |1 000

™ over relax I~ adapting

102
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6... Model Code Detalils

6.1. General Details (types of nodes,
dimensions)

6.2. Functions

6.3. Loops

6.4. Brackets

6.5. Model specification (likelihood, prior, data
transformations, data, initial values

MCMC, WinBUGS and Bayesian Model Selection

103

6... Model Code Details
6.1. General details

Types of nodes (parameters) in WinBUGS

@ 2011, I. Nizoufias for ISA Short Courses
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Constants: Fixed values or data (usually
specified in the data section)

Random: Random variables of the model that
are characterized by a distribution.

Deterministic: simple functions or
transformations of other model parameters.

Can be either random of constants.

An Introduction to Bayesian Modeling

Using WinBUGS
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6... Model Code Details
6.1. General details

Node Specification
Random nodes are specified using the syntax

Variable ~ Distribution (parameterl, parameter?2,..)

e.g. X~dnorm( mu, tau ) for X~Normal( p, 1/1)

Deterministic nodes are defined using the assignment
sign <-
e.g. s2 <- 1/tau for setting o?=1/T

@ 2011, I. Nizoufvas for ISA Short Courses
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6... Model Code Details
6.1. General details

Node names, dimensions and elements:
Unidimensional: just write a name e.g. x

Vector: name followed by brackets e.g. v[]
> v[]: all elements of vector v
> v[i]: the ith element of v
> v[n:m]: elemements n,...,m of vector v.
3. Matrix: name followed by [,] (the comma denotes the 2 dimensions
— rows and columns of the matrix) €.g. m[, |

4. Array: name followed by “[”, a number of commas and “]” (to
denote the number of dimensions — 2 commas denote a 3 dimensional

array) €.9. a[,, |

@ 2011, I. Nizoufvas for ISA Short Courses
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6... Model Code Details
6.1. General details

Node names, dimensions and elements (2)
Matrix:

Y

M[,]: all elements of matrix M

M[i,j]: element of it row and j™ column of matrix M

M[i,]: elements of ith row of matrix M

M[,jl: elements of j column of matrix M

M[n:m,j]: elements of nt,...,mt" rows of j* column of matrix M
M[i, n:m]: elements of nt,...,mt" columns of ith row of matrix M
M[n:m,]: elements of nt,...,mth rows of matrix M

M[,n:m]: elements of nt,...,mth columns of matrix M

M[n:m,k:I]: elements of nt,...,mth rows of k... It column of
matrix

V VYV VYV VYV VY
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6... Model Code Details
6.1. General details

Node names, dimensions and elements (3)
Array
> A[, , ]: all elements of array A
> Alfi, j, k]: the Ay element of the array A
> A[i, , ]: elements with first dimension equal to i of the array A
> A[, ], ]: elements with second dimension equal to j of the array A
> A[, , k]: elements with third dimension equal to k of the array A

> A[i, j, ]: elements with first dimension equal to i and the second
equal to j of the array A. Similarly we define A[i, , k] and A[, j, k].

» A[n:m, , ]: elements with first dimension equal to n, ...,m of the array

A.

> Similarly we define A[, nim, Jand A[, n:m, ].

> A[n, :my, n,:m,, n;:m; ]: elements Ay with i=n,,...,m;, j=n,,...,m,
and k=n,,...,m;.

MCMC, WinBUGS and Bayesian Model Selection 108
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6... Model Code Details
6.1. General details

Node names, dimensions and elements (4)

Within brackets, calculations using basic
operations (+, -, * and /) are allowed.

Nested indexing of the type x[y[i]] can be
used.

@ 2011, I. Nizoufvas for ISA Short Courses
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6... Model Code Details
6.2. Functions Description

Simple arithmetic functions

Various simple arithmetic functions are available in WinBUGS,
including

The absolute value (abs)

The sine and cosine functions (sin, cos)

The exponent and the natural logarithm (exp, log)

The logarithm of the factorial of an integer number ( logfact)
The logarithm of the gamma function (loggam)

The square root value (sqrt)

round and trunc => obtain the closest and the lower closest
integer values, respectively.

All these functions require as an argument a single scalar node.

Y VV V VY V VY
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6... Model Code Details
6.2. Functions Description

Simple arithmetic functions (2)
All these functions require as an argument a single scalar node.

In order to set y equal to a function of x, we write
y <- one.parameter.function(x)

e.g., if y=|x|, then in WinBUGS we write
y <- abs(x)

» y <- max(x1, x2): compare two values x,, X, and keep (in y) the
maximum one.

> Similar also for y<-min(x1,x2)
> For y=xZ we write y <- pow(X, z)

@ 2011, I. Nizoufias for ISA Short Courses
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6... Model Code Details
6.2. Functions Description

Statistical functions

Within \winbugs, simple statistical functions can be calculated.

» mean(v[]) : Sample mean of vector v

» sd(v[]) : Sample standard deviation of v

» sum(v[]) : Sum of all values of v

> y <-rank(v[], k) : rank of the k™ element of vector v

» y <-ranked(v[], k) : we obtain the element of vwith rank equal to k.
v" Minimum => miny <- ranked(v[], 1)
v/ Maximum => maxy <- ranked(v[], n)
v’ Median

v' => mediany <- ranked(v[], (n+1)/2 ) if nis odd
v' => mediany <- 0.5*(ranked(v[], n/2)+ranked(v[], n/2+1)) if n is even.

> y <- phi(x): CDF for x coming from a N(0,1)

MCMC, WinBUGS and Bayesian Model Selection [N P4
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6... Model Code Details
6.2. Functions Description

Link functions

> cloglog(p) : log(-log(1-p))
> logit(p) : log{p/(1-p)}
> probit(p) : ®-1(p); inverse function of the CDF of N(0,1).

i.e. probit(y) <- x is equivalent to y <- phi(x)
> log(x) : logarithm of x.

> Link functions can be used on the left side of assignment.
e.g. logit(p) <- a + b*x
> Specify link functions in generalized linear models

@ 2011, I. Nizoufias for ISA Short Courses
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6... Model Code Details
6.2. Functions Description

Matrix functions

» M2[1:K,1:K] <- inverse(M1[,]): M2 = Inverse of matrix M1 of
dimension K x K

M?2 must be written including its dimension indices i.e., the matrix name must
be followed by [1:K,1:K]

> y <-logdet(M1[,]): y is the log of the determinant of matrix M1

Vector functions

> sum(v[]): sum of the elements of vector v.
> inprod(v1[], v2[]): inner product of the elements of vectors v, and v,

@ 2011, I. Nizoufias for ISA Short Courses
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6... Model Code Details
6.2. Functions Description

Binary indicator Functions
> y<-equals( x, z ) : compares x and z. y=1 if x=z and or y=0 if x=z
> y<-step( x ) :y=0if x<0 or y=1 if x>0

These are used as if statements.

The cut function

This command is used when we do not wish the posterior of each
parameter to be updated from the likelihood.

@ 2011, I. Nizoufias for ISA Short Courses
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6... Model Code Details
6.3. Using for loops

> Functions for multidimensional nodes are limited
> Most of their calculations are completed separately for each element
using the for loop.
> For example to calculate the sum of two vectors of length n we write:
for (iin 1:n)X
ylil <- x[i] + z[i]
b
It means: calculate z=x;+z, for all i=1,2,....n
> Similarly to add two (n x p) matrices we write:
for (iin 1:n){
for jin 1:p) {
Al j] <- X[i,31 + Z[i,j]
h3s
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6... Model Code Details
6.3. Using for loops (2)

To multiply two matrices of dimensions (n x p) and (p x k) we use the
inprod function (inner product):

for (iin 1:n){
for (j in 1:k) {
A[IIJ] <- inprOd(X[il]I Z[IJ])
as

To define that all the elements of a random vector x, with dimension n,
follow independent normal distributions with mean p; and common
precision T we write

for (iin 1:n){
X[i] ~ dnorm(muli], tau)

}

MCMC, WinBUGS and Bayesian Model Selection 117

6... Model Code Details
6.4. Brackets in WinBUGS

Parentheses () are used
in mathematical expressions and computations.
in functions surrounding their arguments.
in forloops to declare the values of the index.

Square brackets [ ] are used to specify the
elements of a vector or array.

Curly brackets { } are used to declare the
beginning and the end of the model and the
forloop.
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MCMC, WinBUGS and Bayesian Model Selection 118

An Introduction to Bayesian Modeling

Using WinBUGS

11/16/2011

59



Ioannis Ntzoufras

6... Model Code Details
6.5. Model Specification

Likelihood specification (using for syntax)
Example 1: Simple normal model
X; ~ Normal (4, 0% = 1/1)
for (iin 1:n){
X[i] ~ dnorm(mu, tau)
by
Example 2: Simple Linear Regression Model
Y; ~ Normal (y;, 0% = 1/7) with g, = a4+ x;
for (iin 1:n){
y[i] ~ dnorm(mu[i], tau)
mu[i] <- alpha+beta*x][i]

}

tau<-1/sigma2

6... Model Code Details
6.5. Model Specification

Prior specification

Example 1: Simple normal model
X, ~ Normal (L, &2 = 1/1) => parameters 6=(u,T)
Priors: g ~ Normal (0, 100) mu ~ dnorm(0, 0.01)
T ~ Gamma (0.01, 0.01) tau ~ dgamma (0.01, 0.01)

Example 2: Simple Linear Regression Model
Y, ~ Normal (u, & = 1/1) with u; = a+f x, => parameters 6=(q,f5,7)

Priors: a ~ Normal (0, 100) alpha ~ dnorm(0, 0.01)
B ~ Normal (0, 100) —— beta ~ dnorm(0, 0.01)
T ~ Gamma (0.01, 0.01) tau ~ dgamma (0.01, 0.01)
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6... Model Code Details
6.5. Model Specification

Data transformations

For transformations of the response data (which are random nodes)

you can
> insert directly transformed data (simplest way).
> specify transformation with WinBUGS code using its commands
This is the only case that a node can be specified twice:
1) to define the transformation of the original data and
2) then to assign the random distribution.
Example
for (iin 1:n){
z[i] <-log(abs(y[i]))
z[i] ~dnorm(mu, tau)

}

6... Model Code Details
6.5. Model Specification

Data Specification
1. Rectangular data format.

Simple and similar to the text files used by most statistical packages.
It can be used to specify a series of variables-vectors of the same
length or a matrix (or array).

Simple vectors (e.g. vectors y, x1, x2, x3),

v' we specify the names followed by square brackets in the first line

v the values of each observation in each line, separated by empty spaces.
v' Be careful: The data must conclude with the command END followed by

at least one blank line.
yl x1[] x2[] x3[]

10 20 23 12
11 23 11 97

44 25 33 12
END

Y VY

\7
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6..

. Model Code Details

6.5. Model Specification

Data Specification
2. List data format.

» Similar to R/Splus list objects.

> This format can be used to specify all type of data
(single constant numbers, i.e. scalar nodes,
vectors, matrices, and arrays).

» Syntax: /ist(..)

» Within the parentheses we specify each
variable/node separated by commas.

MCMC, WinBUGS and Sapesim Mol Seecton 123

6... Model Code Details

6.5. Model Specification

List data format (cont.)
We can define

Scalars => scalar.name = scalar.value
Vectors => vector.name = c(valuel,..., valuen)
Matrices => matrix.name = structure(
.Data = c(valuel,...,valuen)
.Dim = ¢(row.number, column.number) )
Arrays => same syntax as matrices but .Dim argument

will have at least three values specifying the length of
each corresponding dimension.
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6... Model Code Details
6.5. Model Specification

List data format (cont.)

Example:
A = structure(
.Data=<c(1,2,3,4,5,6,7,8,9, 10, 11, 12)
.Dim=¢(3,4))
1 2 3 4
Reading elements R —
by rows A - 5 6 7 8
9 10 11 12
MCMC, WinBUGS and Sapesim Mol Seecton 125

6... Model Code Details
6.5. Model Specification

List data format (cont.)

A simple example of data specification.
Assume we have the following dataset with n=4 observations and p=5

variables.
y x1 x2 gender age
12 2 03 1 20
23 5 0.2 2 21
54 9 09 1 23
32 11 2.1 2 20
WinBUGS Syntax

list(n=4, p=5, y=c(12, 23, 54, 32), x1=c(2, 5, 9, 11), x2=c(0.3, 0.2,
0.9, 2.1), gender=c(1,2,1,2), age=c(20,21,23,20) )

MCMC, WinBUGS and Bayesian Model Selection 1£0

An Introduction to Bayesian Modeling

Using WinBUGS

11/16/2011

63



Ioannis Ntzoufras

6... Model Code Details
6.5. Model Specification

Initial Values

» They are used to initiate the MCMC sampler.
Their format is the same as the list data format.

>

» Initial values must be provided for all random nodes
except for the response data/variables.

>

The user does not need to specify all initial values but
can generate all or portion of them (using gen inits
option).

» Users must be careful when using randomly generated
initial values

=> problems when certain parameters are
initialized using inappropriate values

=> numerical problems (trap messages in
WinBUGS) or slow convergence of the algorithm.
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7... Additional examples

7.1. Example 2: Binomial Data

7.2. Example 3: Bernoulli Data

7.3. Example 4: Models For 2x2
Contingency Tables

7.4. Example 5: Model For 3-way Tables

7.5. Zero-ones trick

@ 2011, I. Nizoufias for ISA Short Courses
MCMC, WinBUGS and Bayesian Model Selection 128

An Introduction to Bayesian Modeling

Using WinBUGS

11/16/2011

64



Ioannis Ntzoufras

7... Additional examples
7.1. Example 2: Models for Binomial Data

The beetles dataset
» WinBUGS examples vol 2, page 32 — 34
(or classic BUGS examples, vol 2. p. 43)

> Bliss (1935)

> 8 groups of insects were exposed on different levels

of Carbon dislphide

» We record
v"Concentration (X))
v Total number of insects in group (n;)
v Total number of insects died (r;)
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7... Additional examples
7.1. Example 2: Models for Binomial Data

for (1 in 1:n) {
r[i]~dbin(p[i],n[i])

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

}

(1) r, ~ Binomial(p, n,)
(2) m; = a*+B(x- X)
(3) logit(p;) =n;
for i=1,...,8
Prior distributions
f(a*)=Normal ( 0, 104 ) a. star~dnorm(0.0,1.0E-04)
f(B)=Normal ( 0, 104 ) b~dnorm(0.0,1.0E-04)
Cl=Cl*-B i a<-a.star-b*mean (x[])
Link functions
> logit(p)=log{p/(1-p)} > logit(p[i])<-a.star+b*z[i]
> probit(p)=®1(p) » probit(p[i])<-a.star+b*z[i]
> cloglog(p)=log(-log(1-p)) » cloglog(p[i])<-a.star+b*z[i]
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7... Additional examples
7.1. Example 2: Models for Binomial Data

FITTED VALUES CAN BE COMPUTED BY
r.hat[i]<-n[i]*p[i]

ODDS RATIO FOR LOGIT MODELS
odds.ratio<-exp (b)
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7... Additional examples
7.2. Example 3: Models for Bernoulli Data

WAIS Dataset

From Agresti (1990) p. 122-123,

A sample of elderly people were examined for the existence of
senility symptoms (1=yes, 0=no).

Explanatory variable: WAIS = score in a sub-scale of Wecshler
Adult Intelligence Scale

AIM

> Estimate which WAIS score corresponds to 50% probability of
having senility symptoms

> What is the probability of senility symptoms for a typical subject
(i.e. with WAIS equal to the sample mean of WAIS)
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7... Additional examples
7.2. Example 3: Models for Bernoulli Data

THE MODEL
for (i in 1:n) {
symptom[i]~dbern( p[i] )
logit( p[i] ) <- at+b*wais[i]
}
The WAIS score for p=1/2 is given by
x.half<- -a/b;
The probability of the person with WAIS equal to the sample
mean is given by

P -mean<-
exp (a+b*mean (x[]) )/ (1+exp (a+b*mean (x[])))

7... Additional examples

7.3. Example 4: Poisson models for 2x2 Contingency Tables

Breast cancer & age at first birth
Mahon et.al. (1970). Bulletin of the world health organisation

Study of the possible relationship between age at 1st birth
and breast cancer

Cases: Selected hospitals in USA, Greece, Yugoslavia, Brazil,
Taiwan and Japan.

Controls: women with comparable age from the same
hospitals
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7... Additional examples

7.3. Example 4: Poisson models for 2x2 Contingency Tables
AGE AT FIRST BIRTH

STATUS Age>29 (1) | Age<30 (0)

Case (1) 683 2537

Control (0) 1498 8747

7... Additional examples
7.3. Example 4: Poisson models for 2x2 Contingency Tables
Status Age Counts
1 1 683
1 0 2537
0 1 1498
0 0 8747
VICMC, WinBUGS and Bayestn Mol Seecin 136

An Introduction to Bayesian Modeling
Using WinBUGS 68



Ioannis Ntzoufras

7... Additional examples

7.3. Example 4: Poisson models for 2x2 Contingency Tables

THE MODEL

Counts; ~ Poisson( A, )

Log(A;) = p + a x status;+ b x age; + ab x status;xage;

fori=1,2,3,4

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]

}

ODDS RATIO: odds.ratio<-exp (ab)
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7... Additional examples

7.4. Example 5: Estimation of common OR in 2x2x2
Contingency Tables

Lung cancer, smoking and passive smoking
> Sandler, Everson & Wilcox (1985) Amer.Journal of Epidemiology

> Study of 518 patients with lung cancer aged 15-59 and 518
controls matched for age and gender.

> AIM: Estimate the effect of passive smoking on the risk of
cancer. Passive cancer was defined positively when the spouse
was smoking at least one cigarette for the last 6 months

» Confounder: the smoking status of the subject

» For 2x2xJ contingency tables => common odds ratios are
estimated using the Maentel-Haenzel ORy,=(Za,d/n;)/(Zb,c/n;)
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7... Additional examples

7.4. Example 5: Estimation of common OR in 2x2x2
Contingency Tables

Non Smokers (0)

Smokers (1)

Passive Non Passive Passive Non Passive

Smoker (1) | Smoker(0) | Smoker (1) |Smoker (0)
Case(1) 120 111 161 117
Control (0)] 80 155 130 124
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7... Additional examples

7.4. Example 5: Estimation of common OR in 2x2x2
Contingency Tables

Two Analyses/Models
15t analysis/model

> We fit a model in each 2x2 table and estimate the odds ratios
as in example 4

» Compare the posterior distributions of two odds ratios
2"d analysis/model
» We fit a model in each 2x2 table
» Estimate a common odds ratio for each table
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7... Additional examples
7.4. Example 5: Estimation of common OR in 2x2x2
Contingency Tables

1st analysis/model
model{

#imodel for lst table (nonsmokers)
for (i in 1:4) {
counts[i]~dpois( lambda[i] )
log(lambda[i])<-b[1l,1]+b[1,2] *status[i]
+b[1,3] *passive[i]
+b[1l,4] *status[i] *passive[i];
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7... Additional examples
7.4. Example 5: Estimation of common OR in 2x2x2
Contingency Tables

#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 (j in 1:p){
b[i,j]~dnorm (0.0, 1.0E-04)
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7... Additional examples
7.4. Example 5: Estimation of common OR in 2x2x2
Contingency Tables

1st analysis/model

MODEL

#model for 1lst 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]

@2011, 1. Nizoufias for ISA Short Courses +b[2,4]*status[i] *passive[i];
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7... Additional examples
7.4. Example 5: Estimation of common OR in 2x2x2
Contingency Tables

2nd gnalysis/model

MODEL

#model for 1lst 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]
» + 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];

MCMC, WinBUGS and Bayesian Model Selection
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7... Additional examples

7.4. Example 5: Estimation of common OR in 2x2x2
Contingency Tables

RESULTS
95%o posterior
MLE Posterior Mean credible interval
ANALYSIS 1
OR, 2.09 2.07+0.036 1.47 - 3.09
OR, 1.31 1.33+0.022 0.97 - 1.88
ANALYSIS 2
Common
ORy4 1.63 1.61 +0.0087 1.27 - 2.06
et gl i P e 145
FIGURE 12:
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FIGURE 13:
ESTIMATED POSTERIOR DISTRIBUTIONS
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7... Additional

Contingency Tables

Options
! Compare... :

Correlations

Summary. ..
Rank...

Comparison of the posterior
boxplots for Ors in model 1

examples

7.4. Example 5: Estimation of common OR in 2x2x2

%4 box plot

box plot: or

40

30
20 =
—

00
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7... Additional examples

7.4. Example 5: Estimation of common OR in 2x2x2
Contingency Tables

Due to autocorrelations and crosscorrelations, it is better to
consider the difference of the log ORs

logor diff <-b[1l,4]-b[2,64]

&8 box plot E|@|E|
box plot logor_dift &

10 —

— o [
s ] I

05

7... Additional examples

7.4. Example 5: Estimation of common OR in 2x2x2

Contingency Tables

DIC

Dbar = post.mean of -2logL;

Dhat = -2LogL at post.mean of stochastic nodes
Dbar Dhat pD DIC

Model 1 61.309 53.197 8.112 69.420

Model 2 63.416 56.462 6.954 70.371
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7... Additional examples
7.5. Specification of a non-standard distribution

What happens if we wish to use a
distribution which is not included
in the list of distributions included
in WinBUGS?

We use the zeros-ones trick
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7... Additional examples
7.5.1 Prior Specification using a non-standard distribution

The zeros trick!

Let us assume that we wish to use a prior f(6) for parameter

6 which 1s not included in the list of WinBUGS distributions.
Then in WinBUGS we apply the following steps:

1... We set a flat prior in WinBUGS (using commands
dflat () ordunif () )

2... We set a new (pseudo) variable (e.g. zero) equal to
zero (i.e. zero <-0)

3... We define that this variable follows the Poisson
distribtution with mean A

4... We set A=-1ogf (8)

W 2011, 1. viZOWras Jor 154 SHOTL Courses
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7... Additional examples
7.5.1 Prior Specification using a non-standard distribution

The zeros trick!
For example,

Let us consider the Generalized/Lagrangian Poisson
distribution with

e Mean: E(Y) = ==

e Variance: V(Y) = ﬁ;

e Dispersion Index: DI = {473 = oy

Probability function:

2(z + w@)g—le— (z4w8)
!

@ 2011, 1
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f(0) =
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7... Additional examples
7.5.1 Prior Specification using a non-standard distribution

The zeros trick!

Generalized/Lagrangian Poisson distribution with Probability
distribution

z(z + w@)g_le_(z""wg)
0!

f(0) =

WinBUGS code:

theta ~ dflat()

zero <- 0

zero ~ dpois(lambda)

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

MCMC, WinBUGS and Bayesian Model Selection
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7... Additional examples
7.5.1 Prior Specification using a non-standard distribution

Why the zeros trick works?

f(zero|@) is Poisson with mean equal to the log-
likelihood

d(0) is the flat pseudo-prior used to define the
actual prior.

f(B|zero) s the final prior we use

f(B|zero) o f(zero=0lf) x $(6) = e *x1
= e (-10970) = £(9)
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7... Additional examples
7.5.1 Prior Specification using a non-standard distribution

The zeros trick!

For more details and an example using the normal
distribution see the WinBUGS manual in the “new-prior”
section

BE CAREFUL: This method usually generates samples with

» High auto-correlation
» Slow convergence
» High Monte Carlo errors

Therefore it is computationally slow and inefficient and we
need to leave WINBUGS run for a large number of
iterations.

@ 2011, I. Nizoufras for ISA Short Courses
MCMC, WinBUGS and Bayesian Model Selection 156

An Introduction to Bayesian Modeling

Using WinBUGS

11/16/2011

78



Ioannis Ntzoufras

7... Additional examples
7.5.2 Likelihood Specification using a non-standard distribution

Let us consider the case where we wish to define that
y~f(y;|0) with parameter 6. Then
1... We set a constant C equal to a large number to
ensure that the mean of the Poisson will be positive

2... We define a vector of pseudo-data zero (with length
equal to the actual data size n) with each element set
equal to zero.

3... We specify that each element of zero follows the
Poisson with mean A,

4... We set A,=-1ogf (y;|6)+C

7... Additional examples
7.5.2 Likelihood Specification using a non-standard distribution

Let us go back to the Generalized/Lagrangian Poisson with parameter:

0=(z,w) Ai—1,—(z4wy;)
TOEESS

[mean=z/(1-w), variance= z/(1-w)3]

WinBUGS Code
C <- 10000
for (i in 1:N) {
zeros[i] <- O
zeros[i] ~ dpois(lambda[i])
lambda[i] <- -L[i] + C
L[i] <- ( log(zeta)+(y[i]-1)* log(zeta+omega*y[i])
- (zetatomega*y[i] ) -logfact(y[i]) )
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7... Additional examples
7.5.2 Likelihood Specification using a non-standard distribution

Why the zeros trick works for the likelihood?

n n n

- n

H e— 109 f(yil)+C H F(yi16)
=1 i=1
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7... Additional examples
7.5.2 Likelihood Specification using a non-standard distribution

A Generalized Poisson Example
(Rosner 1994, page 94)

Number of people died from poliomyelitis during 1968-76

1968 1969 1970 1971 1972 1973 1974 1975 1976
24 13 7 18 2 10 3 9 16
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7... Additional examples
7.5.2 Likelihood Specification using a non-standard distribution

A Generalized Poisson Example
model {
C<-10000
for (i in 1:9) {
zeros[i]<-0
zeros[i] ~dpois( lambda[i] )
lambda[i]<- C - loglikel[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/((l-omega) * (1-omega))
}
DATA : list( y=c(24, 13, 7, 18, 2, 10, 3, 9, 16) )
INITS: list( zeta=l, omega=0.5 )

7... Additional examples
7.5.2 Likelihood Specification using a non-standard distribution

More examples can be found in
WinBUGS manual; see Section “Tricks: Advanced Use of the BUGS
Language” (p. 36-37 in the pdf file)
Bayesian modeling Using WinBUGS
Section 8.1.1 for a general description
Section 8.1.2 for inverse Gaussian distribution
Section 8.3 for the generalized Poisson, zero inflated models, the Bivariate
Poisson distribution and the Skellam (or Poisson Difference) distribution
Similar is the ones trick using a vector of ones following the Bernoulli/Binomial
distribution
Scollnik, D.P.M. (2000). Actuarial Modeling with MCMC and BUGS:
Additional Worked Examples. Actuarial Research Clearing House, 2000.2,
p. 433-585

The Pareto and Inverse Pareto Models (p.11-13, 29-31, 51-52 in the pdf
available at http://math.ucalgary.ca/~scollnik/abcd/aerfawe.pdf]
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8... ASIMPLE HYPOTHESIS TEST
8.1. Introduction: Posterior Odds

Let us consider the ESTRIOL example

Then the hypothesis testing:
Hy: B=0 vs. H; B #0
is equivalent to the comparison models
m,: Y~N(aq, 0?)and
m,: Y~N(a+BX, 0?)

163

8... ASIMPLE HYPOTHESIS TEST
8.1. Introduction: Posterior Odds

Posterior Model Odds of model m, vs. model
m,:

O :f(mo|Y):f(Y|mo)xf(mO)
" S ly) f(ylm) f(m)

/

-
e s, DAYES FACtOr Prior Model Odds
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8... ASIMPLE HYPOTHESIS TEST
8.1. Introduction: Posterior Odds

f(m): Prior model probability
f(mly): Posterior model probability

@ 2011, 1. Nizoufras for ISA Short Courses
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8... ASIMPLE HYPOTHESIS TEST
8.2. Posterior Model Probabilities in BUGS

In BUGS we can estimate the f(m|y) by inserting a
latent binary indicator :

Y ~Normal( o + v x BX, ¢?).
For details see
Dellaportas, Forster and Ntzoufras (2002). Statistics and
Computing, 12, 27-36.
Dellaportas, Forster and Ntzoufras (2000). In Generalized
Linear Models: A Bayesian Perspective, 271-286.
Ntzoufras (2002). Gibbs Variable Selection Using BUGS.

Journal of Statistical Software. Volume 7, Issue 7
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8... ASIMPLE HYPOTHESIS TEST
8.2. Posterior Model Probabilities in BUGS

Also see in

Ntzoufras (2009). Bayesian Modeling Using WinBUGS.
Wiley (chapter 11).

http://stat-athens.aueb.gr/~jbn/winbugs book

Lykou, A. and Ntzoufras, I (2011). WinBUGS: A Tutorial ,
WIREs Computational Statistics, 3,385-396.

[A Bayesian lasso WinBUGS example is described in detail]
My seminars page

http://stat-athens.aueb.gr/~jbn/courses/all courses.html#seminars
Erasmus course on WinBUGS given in Pavia, Italy, November 2010
Workshop On Bayesian Modeling Using WinBUGS, Athens, Greece, Aug. 2010
Tutorial on variable selection given in Heriot-Watt University, UK, Sep. 2009

Tutorial: Introduction to MCMC @ the 17th International Workshop on
Statistical Modelling, Chania, Crete, Greece, July 2002.

8... ASIMPLE HYPOTHESIS TEST
8.2. Posterior Model Probabilities in BUGS

The distribution 78| y=0) is also called pseudo-
prior or proposal distribution

» Does not Influence the Posterior
» Does Influence the convergence of the MCMC.

The pseudo-prior should be close to the posterior

B
For simplicity we will assume

JBly=0)= 1Bl y=1)

[it is ok for this simple example]

y, v=1) in order to propose “good” values.
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8... ASIMPLE HYPOTHESIS TEST
8.2. Posterior Model Probabilities in BUGS

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

mul[i] <-a+ b*x[1i]

(1) Birth; ~ Normal(p;, 02
2)ni=a+  PxEstridl,
(3) Hi=n;=a+PxEstyiol,
fori=1,...,3
Prior distributions
f(a)=NormaI ( O’ 104) a~dnorm(0.0,1.0E-04)
f(B)=Normal (0, 10*) ]z;:f::n(\i:ﬁ(.);zz‘,l)l.0E—04)
f(1?)=Gamma(10+,104)
O'2=1/ T s2<-1/tau
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8... ASIMPLE HYPOTHESIS TEST
8.2. Posterior Model Probabilities in BUGS

for (i in 1:n) {

(1) Birth; ~ Normal(;, 02 Birth[i]~dnorm(mu[i], tau)

(2) ni =qa+ ¥ X BXES : | } x[i]<-estriol[i] -mean (estriol[])

(3) y;=n;=a+PxEstriol,
fori=1,...,3

Prior distributions

f(a)=NormaI ( 0, 104) a~dnorm(0.0,1.0E-04)
b~dnorm(0.0,1.0E-04)

f([3)=NormaI ( 0’ 104) tau~dgamma (1.0E-04,1.0E-04)
f(19)=Gamma(10+4,104)
O-2=1/ T s2<-1/tau

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

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

MCMC, WinBUGS and Bayesian Model Selection
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8... ASIMPLE HYPOTHESIS TEST
8.2. Posterior Model Probabilities in BUGS

After Burn-in of 1000 iterations and 20,000
iterations

fly=1ly)= 0.6268

PO,,=BF,, = 1. 68
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8... ASIMPLE HYPOTHESIS TEST
8.2. Posterior Model Probabilities in BUGS

Be careful:

We have not discussed about priors for model selection
[Very important but too large for this tutorial].

Sensitivity of Bayes factors/PO on prior variance of f3:

» Large Values of the prior variance of § will activate Bartlett -
Lindley’s Paradox

=> f(y=1]y)— 0.0
» A simple choice: Unit information prior (~BIC):
Prior Variance of f =

(sample size) x (posterior variance with flat prior)
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8... ASIMPLE HYPOTHESIS TEST
8.2. Posterior Model Probabilities in BUGS

For the estriol example:
Prior Variance of B =31 x (0.1431)> = 0.6348
Prior Precision of B = 1/0.6348 = 1.575

After Burn-in of 1000 iterations and 20,000
iterations of generated values

fiy=1ly)= 0.9922
PO,,=BF,, = 127.20

54 Courses
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8... ASIMPLE HYPOTHESIS TEST
8.3. Summary of Hypothesis Test Example

This example was only for illustration

Don't try directly Bayesian model/variable selection
at home by yourselves:

It can seriously damage your health
(not physically but psychologically)

Be very careful in the construction of priors and
pseudo-priors

inBUGS and Bayesian Model Selection 174

An Introduction to Bayesian Modeling

Using WinBUGS

11/16/2011

87



Ioannis Ntzoufras

A Short Introduction to Bayesian
Modeling Using WinBUGS

END OF THE TUTORIAL

E-mail: ntzoufras@aueb.gr Department of Statistics,

Athens University of

Economics & Business

An Introduction to Bayesian Modeling

Using WinBUGS

11/16/2011

88



