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* Brief comparison WinBUGS / OpenBUGS

* Practical
- Opening OpenBUGS
- Entering a model and data

- Some error messages
- Starting the sampler
- Checking sampling performance

- Retrieving the posterior summaries
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WInBUGS / OpenBUGS

« WinBUGS was developed at the MRC
Biostatistics unit in Cambridge. Free download,
but registration required for a licence. No fee

and no warranty.

 OpenBUGS is the current development of
WINnBUGS after its source code was released to
the public. Download is free, no registration,
GNU GPL licence.

Dr Christian Asseburg
University of York, UK ca505@york.ac.uk @

2007-03-12, Linkoping



Practical 1: Getting started in OpenBUGS Slide 4

WInBUGS / OpenBUGS

* There are no major differences between the

latest WinBUGS (1.4.1) and OpenBUGS (2.2.0)
releases.

 Minor differences include:

- OpenBUGS is occasionally a bit slower
- WIinBUGS requires Microsoft Windows OS

- OpenBUGS error messages are sometimes more
informative

 The examples in these slides use OpenBUGS.
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Practical 1: Target
o Start OpenBUGS

e Code the example from health economics from
the earlier presentation

 Run the sampler and obtain posterior
summaries
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Starting OpenBUGS

* You can download OpenBUGS from
http://mathstat.helsinki. fi/openbugs/

o Start the program.

0 winbugs ==

File Tools Edit Attributes Info  Model Inference Options Doodle Map  Mindow  Examples Help

[WirBUGS release 2 2.0
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:6: winbugs o (!
File Tools Edit Atkributes Info Model Inference ©phions Coodle Map  Window  Examples Help

This is the status bar. OpenBUGS displays
status and error messages here.

|'WirBUGS relzase 2.2.0
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:6: winbugs ]
File Tools Edit Atkributes Info Model Inference ©ptions Doodle Map  Window  Exampl @

The OpenBUGS help menu is very useful.
You can look up the full specification of the
OpenBUGS language here.

|'WirBUGS relzase 2.2.0

2007-03-12, Linképing Dr Christian Asseburg |
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:6: winbugs o (!
File Tools Edit Atkributes Info Model Ioference ©ptions Doodle Map  Windo @ elp

OpenBUGS comes with a wealth of examples.
You can access them either using the
examples menu or on the Web.

|'WirBUGS relzase 2.2.0
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Frinbugs = /|8
u:uls Edit Attributes Info  Model Inference Options Doodle Map  Window Examples  Help

This is the file menu. Open and save your
model and data files from here.
(You can also drag a file onto the OpenBUGS
window to open it.)

|'WirBUGS relzase 2.2.0

2007-03-12, Linképing Dr Christian Asseburg |
University of York, UK ca505@york.ac.uk  SHUEEEE Economici:;_{;f’




Practical 1: Getting started in OpenBUGS Slide 11

:6: winbugs o (!
File Tools Edit  Attributes lnF ference Options Doodle Map  Window Examples Help

Use the model menu to tell OpenBUGS to
read your text input and interpret it as a model
specification. The command to run the
sampling algorithm is also here.

|'WirBUGS relzase 2.2.0
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:6: winbugs o (!
File Tools Edit Atkributes Info Model tiu:nns Doode Map  ‘Window Examples Help

The inference menu contains commands
required for monitoring certain variables in
your model and retrieving the posterior
summaries for these.

|'WirBUGS relzase 2.2.0
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:6: winbugs o (!
File Tools Edit Atkributes Info Model Inference  ©phio g Window Examples Help

The doodle menu provides an alternative way
for specifying your model, instead of typing it.
It's not covered in this practical.

|'WirBUGS relzase 2.2.0
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f:% winbugs g@_‘

File Tools Edit Atkributes Info Model Inference  Options Doodle Map  Texk Window  Examples Help

@ untitled g@
|

Let's open a new window (File menu > New).

CHE
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#:winhuga E]@

File Tools Edit Atkributes Info Model Inference  Options Doodle Map  Texk Window  Examples Help

@ untitled E]@
|

It is good practice to save your model file
regularly (File menu > Save), especially
before starting the posterior sampling. .

Note that OpenBUGS only saves the text that
you enter, it never saves the posterior results.
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10 winbugs

|Ei|e Tools  Edit ﬂttril:uuteﬂ Save As

You can choose different file types when
saving OpenBUGS code:

=> Document (*.odc) is a proprietary file
type that only WinBUGS and OpenBUGS
understand. It supports text markup (bold,
fontface, colours) and the option to show
and hide parts of your model code.

=> Plain text (*.txt) can be read in many
other programs, for example in"Ror any
text editor. It does not support the
advanced features of *.odc.

You can also use Plain text (*.R) if you
want to edit the OpenBUGS files in your
favourite R editor.

Slide 16
=153 (-

it j = i
1

Cocument [©.ode]

Plain Test [*.txt)

Rich T et [*.1tf]

Unicode Test [ utf]

Flain Text [7.xml]

HTML Text [*. k)

Flain Test [*.c)

Plain Text [*.R) S v

Plain Text [* bug] —

Document [Fodc) j Cancel

2007-03-12, Linkoping Dr Christian Asseburg
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Syntax of the OpenBUGS language

Writing OpenBUGS code is similar to writing R code.

<- Define the value of the LHS by a calculation
& Define the value of the LHS by a probability
distribution

x[5] Referto a vector (or array) element

For® (1, 1081 :20). { Write a “for” loop like this.

}

2007-03-12, Linkoping Dr Christian Asseburg
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Syntax of the OpenBUGS language

Note on the use of brackets:

( ) round brackets
— group mathematical terms in an equation — e.g. x* (a+b)

- submit arguments to a function — e.g. exp (log (q) )
— are used in special cases like the “for” loop.

[ ] square brackets index a vector or an array.

{ } curly brackets group statements into blocks.

2007-03-12, Linkdping Dr Christian Asseburg '
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Syntax of the OpenBUGS language

Important differences to R syntax:

In OpenBUGS the order of the statements is irrelevant.
Code is not executed from top to bottom.

In OpenBUGS you do not need to define an array or vector
before you use it. It suffices to indicate on the LHS of an
equation that you are assigning to a particular element of an
array, e.g. q[5,3] <- a*b

In OpenBUGS if you want to refer to an entire array, you
must put empty square brackets behind the name, e.g. g[, ]

2007-03-12, Linkdping Dr Christian Asseburg '
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10 winbugs E]@
|Ei|e Tools Edit  Attribukes  Info  Model Inference  Options Doodle Map  Text ‘indow Examples Help
e
Ready? m=)<

Let's try to write the health economic
example from the first presentation.

Recall that we have 8 RCTs and we are
working with a random-baselines,
random-effects model. The model
equations and priors are repeated on the
next slides.

We will go through the equations one by
one and enter them into OpenBUGS. 5

2007-03-12, Linkdping Dr Christian Asseburg “HE
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10 winbugs E]@
File Tools Edit Atkributes Info Model Inference  Options Doodle Map  Text  Window Examples Help
= practical 1 model. txt In OpenBUGS, the model begins with
# Practical 1 model{
model {
and ends with the closing curly bracket } .
}
You can add comments to your code
using # . Everything to the right of a #
symbol is ignored by OpenBUGS.
£ > -

2007-03-12, Linképing Dr Christian Asseburg CHE
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8 winbugs E]@
File Tools Edit Atkributes Info Model Inference  Options Doodle Map  Text  Window Examples Help
*@ practical 1 model. txt The order of the statements is immaterial.
# Practical 1 Let's start with the priors.
model {
}
M ~Norm (0,10000)
T ~Norm (0,10000)
o,,~Unif (0,2)
o~ Unif (0,2)
L > -

2007-03-12, Link&ping Dr Christian Asseburg CHE
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#: winbugs E]@
File Tools Edit Atkributes Info Model Inference  Options Doodle Map  Text  Window Examples Help
‘@ practical 1 model. txt OpenBUGS is case-sensitive, i.e. Mand m
' are two different variables.
# Practical 1
model { In OpenBUGS the normal distribution dnorm
# priors requires two parameters: mean and precision.
M ~ dnorm(0, 0.0001)
} M ~Norm (0,10000)
T ~Norm(0,10000)
o,,~Unif (0,2)
o~ Unif (0,2)
£ >
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0 winbugs E]@
File Tools Edit Atkributes Info Model Inference  Options Doodle Map  Text  Window Examples Help
=] practical 1 model. txt The uniform distribution duni £ also takes two

parameters: minimum and maximum.
# Practical 1

model { Note that arguments to the distribution

# priors functions are enclosed in round brackets ( ) .
M ~ dnorm(0, 0.0001)

~ dnorm (0, 0.0001
cigmaM ~ dumif (0,2) M ~Norm (0,10000)
sigmaT ~ dunif (0,2) T ~Norm (0,10000)
} o,,~Unif (0,2)
o~ Unif (0,2)
£ > .
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0 winbugs

=X

File Tools Edit Atkributes Info Model Inference

EI practical 1 model.txt

opktions Doodle Map Text ‘Window Examples Help

# Practical 1
model {

# priors

M ~ dnorm(0, 0.0001)
T ~ dnorm(0, 0.0001)
sigmaM ~ dunif (0,2)
sigmaT ~ dunif (0,2)

Now, let's enter the equations describing each
trial /.

Each of the equations with subscript / has to

be applied 8 times, once for each trial. We
need a “for” loop.

yl.~Norm(M O'L)
t.~Norm(T, o)

logit (p;')=
logit (p; )=w,+1,

rfvainom(pf, nf)

rfvainom(pf, nlB)

2007-03-12, Linkoping

Dr Christian Asseburg I
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0 winbugs

=X

File Tools Edit Atkributes Info Model Inference

opktions Doodle Map Text ‘Window Examples Help

EI practical 1 model.txt

sigmaT ~ dunif (0,2)

# RCTs
for (1 in 1:N) {

}
}

The OpenBUGS “for” loop has this syntax:

for (x in a:b) { ... }

| use N as a placeholder for the number of
trials.

yl.~N0rm(M O'L)
t,~Norm (T, o

)
logit (p; )=
logit (p; )=w,+1,

rfvainom(pf, nfl)

rfvainom(pf, nlB)

2007-03-12, Linkoping
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0 winbugs

=X

File Tools Edit Atkributes Info Model Inference

opktions Doodle Map Text ‘Window Examples Help

EI practical 1 model.txt

To define y we need subscripts, i.e. yis a

# RCTs
for (1 in 1:N) {
mu[i]~ dnorm(M,precM)

}
}

vector. We use the square brackets [ ] to
subset p.

Recall that dnorm requires a precision, not a
variance, as second argument.

u.~Norm (M ,o7,)
t.~Norm(T, o)

logit (p;)=u,
logit (p; )=p,+t,

rfvainom(pf, n’.4)

1

rfvainom(pf, nlB)

2007-03-12, Linkoping
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22 winbugs E]@
File Tools Edit Atkributes Info Model Inference  Options Doodle Map  Text  Window Examples Help
=] practical 1 model. txt In OpenBUGS you are not allowed to write

calculations into the arguments of the
distribution functions, i.e. we cannot write

# RCTs dnorm (M, 1/ (sigmaM*sigmaM) )

for (1 in 1:N) {
mu[i]~ dnorm(M,precM) _ _ R
} So we define precM outside the “for” loop.

}

u.~Norm (M ,o7,)
t.~Norm(T, o)
logit (p;)=u,
logit (p; )=, +1,

_ ! ~Binom(p., n')

rfvainom(pf, nlB)

2007-03-12, Linkdping Dr Christian Asseburg CH
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22 winbugs E]@
File Tools Edit Atkributes Info Model Inference  Options Doodle Map  Text  Window Examples Help
2] practical 1 model. txt So we define precM outside the “for” loop.
"4 Rmer precM is derived from sigmaM by simple
S . .
for (i in 1:N) { _calculaPon. We use _the <- operator to define
mu[i]~ dnorm(M,precM) | it. The “power” function is pow (base, exp).
}
precM<- pow (sigmaM, -2) IJZ_NNOI-m(M ’ 0—;4)
2
} t.~Norm (T, o)

logit (p})=p,
logit (p; )=, +t,
_ rfvainom(pf, nf)

rfvainom(pf, nlB)

2007-03-12, Linkdping Dr Christian Asseburg CH
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22 winbugs E]@

File Tools Edit Atkributes Info Model Inference  Options Doodle Map  Text  Window Examples Help

=] practical 1 model.txt
' Add the code for t in the same way.

# RCTs

for (1 in 1:N) {
mu[i]~ dnorm(M,precM)
t[i] ~ dnorm(T,precT)

}
u.~Norm (M ,o7,)
precM<- pow (sigmaM, -2) ~N (71 2)
precT<- pow(sigmaT, -2) Q 0{?1 Or
} logit (p; )=

logit (p; )=, +t,
rfvainom(pf, nfl)
B . B B
r, ~Binom ( p; , n; )

2007-03-12, Linkdping Dr Christian Asseburg CHI
University of York, UK ca505@york.ac.uk | SOECCEEUIEGEES




Practical 1: Getting started in OpenBUGS Slide 31

0 winbugs

=X

File Tools Edit Atkributes Info Model Inference

opktions Doodle Map Text ‘Window Examples Help

EI practical 1 model.txt

# RCTs

for (1 in 1:N) {
mu[i]~ dnorm(M,precM)
t[i] ~ dnorm(T,precT)

}

precM<- pow (sigmaM, -2)
precT<- pow(sigmaT, -2)

Next we calculate the probabilities p* and p°.

Do we need the <- or the ~ operator?

yl.~Norm(M O'L)
t.~Norm(T, o)

logit (p;')=
logit (p; )=w,+1,

rfvainom(pf, nf)

rfvainom(pf, nlB)

2007-03-12, Linkoping
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0 winbugs

=X

File Tools Edit Atkributes Info Model Inference

opktions Doodle Map Text ‘Window Examples Help

EI practical 1 model.txt

# RCTs

for (1 in 1:N) {
mu[i]~ dnorm(M,precM)
t[i] ~ dnorm(T,precT)
logit (pA[i]) <- mu[i]

}

precM<- pow (sigmaM, -2)
precT<- pow(sigmaT, -2)
}

Next we calculate the probabilities p* and p°.

We need the <- operator, because we can
calculate the probabilities from the y and t.

In OpenBUGS it's ok to put Llogit on the
LHS.

u.~Norm (M ,o7,)
t.~Norm(T, o)

logit (p;)=u,
logit (p; )=p,+t,

rfvainom(pf, nf4)

1

rfvainom(pf, nlB)

2007-03-12, Linkoping
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10 winbugs E]@

File Tools Edit Atkributes Info Model Inference  Options Doodle Map  Text  Window Examples Help

=

@ practical 1 model.txt
' Define p® in a similar fashion.

# RCTs

for (i in 1:N) {
mu[i]~ dnorm(M,precM)
t[i] ~ dnorm(T,precT)
logit(pA[i]) <- mu[i]

logit(pB[i]) <- mu[i] + t[i] L”ﬁv}qornl(ﬂf’(yiJ
b tl.~Norm(T,(72T)
precM<- pow (sigmaM, -2) [0 it f4:: .
precT<- pow(sigmaT, -2) g (pf;) IJZ
) logit (p;)=u,+t,
_ rf;vainom ( pi, n;;)
_ r, ~Binom(p, 1)
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0 winbugs

=X

File Tools Edit Atkributes Info Model Inference

opktions Doodle Map Text ‘Window Examples Help

EI practical 1 model.txt

# RCTs
for (1 in 1:N) {

}

precM<- pow (sigmaM,

precT<- pow (sigmaT,
}

£

mu[i]~ dnorm(M,precM)
t[i] ~ dnorm(T,precT)
logit (pA[i]) <- mu[i]
logit(pB[i]) <- mu[i] + t[i]
rA[i] ~ dbin(pA[i], nA[i])
rB[i] ~ dbin(pB[i], nB[i])

Now we add the sampling distributions.

Recall that every variable with a subscript /
must be a vector with square brackets [i] In
the OpenBUGS code.

-2)
-2)

t.~Norm (T, o

logit ( p} )=,

logit (p; )=, +1,
rfvainom(pf, nf4)

1

rfvainom(pf, nlB)

u;~Norm(M , o)
7)
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10 winbugs E]@

File Tools Edit  Attribukes Info Model Inference ©Options Doodle Map  Texk  SWindow Examples Help

P@ practical 1 model. txt E]@
-

# Practical 1
model {

# priors

M ® dnorm{0, 0.0001)
T ® donorm{0, 0.0001)
sigmaMd ™ dunif (0.2)
sigmaT ™ dunif (0.2)

That's it, the model equations have been
# RCT
For (i im 1:N) { entered.

mu[i1]™ dnorm(M.precH)
t[1] * doporm(T.precT)
logit(pA[i]) <- mu[i] Remember to save your model!
logit(pB[1]) <- mu[1] + t[1]
TA[1] ™ dbin(pA[1]. nA[1])
rB[i] ™ dbin(pA[1]. nB[1])

}

precM<{- pow(sigmaM, -2)

precT<{- pow(sigmaT. -2)

2007-03-12, Linkdping Dr Christian Asseburg
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* -
2.2 winbugs
File Tools Edit  Atkributes Info Model Inference Options Doodle Map  Text  Window  Exampl

El =] WinBUGS User Manual

Frinting compound documents and Doodles
Feading in text files

Model Specification Language | \When designing your own models, you may
Graphical models

Graphs as a formal landuage want to check how to write a particular
The BUGS lanquage: stochastic nodes | mathematical function or which probability

—ensoring and truncation

i_onstraints on using certain distribution dIStrIbUtIOnS are avallable and What

Logical nodes parameters they require.
Arrays and indexing

Fepeated structures

Eata t;a_nfjformationg | The OpenBUGS help is a great place to start.
ested Indexing and mixiures 1 . ”
Formatting of data Have a look at the “WinBUGS User Manual™!

}

DoodleBUGS: The Doodle Editor
e e | Fremom rH oo E

£ < >

I

Fad W ||
% i RR
e B R
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%Mnbugﬁ E]@

File Tools Edit  Attribukes Info Model Inference ©Options Doodle Map  Texk  SWindow Examples Help

=] practical 1 model. txt E]@
.S

# Practical 1
model {

# priors

M ® dnorm{0, 0.0001)
T ® donorm{0, 0.0001)
sigmaMd ™ dunif (0.2)
sigmaT ™ dunif (0.2)

Now the model equations are done, next we
# RCT
For (i in 1:N) { enter the data.

mu[i1]™ dnorm(M.precH)
t[1] * doporm(T.precT) . i L
logit (pA[i]) <- mu[i] | Itis good practice to enter your data into a
logit(pB[1]) <- mu[1] + t[1] . !
ra[i] ~ dbin(pA[i]. nA[i]) | Separate file, this way you can reuse one

, relrl mdbin(ealil- B evidence synthesis model with different data
precH<- pow(sigmaM, -2) files
precT<- pow(sigmaT. -2) ]

}

£ 4 r
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2.2 winbugs

File Tools Edit Attributes Info Model Inference Options Doodle Map  Text  Window Examples Help

Q Practical 1 data.txt

The format for entering data is as follows.

# Pr .
mod e list(
# Data X = value,
# .
M| 1ist( y = value,
T-
sij| ) z = value
51
)
#
£
° There are round brackets ( ) after the keyword
list.
4 b
} v

2007-03-12, Linkoping
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1% winbugs E]@

File Tools Edit Attributes Info Model Inference Options Doodle Map  Text  Window Examples Help
r

We want to enter data for N, rA, rB, nA, and

# Pr ] Practical 1 data.txt nB.
mode; Don't forget the commas.

2 # Data

M || 1ist( NB: In this practical, you do not have to copy

T I;:_ ' the data from the screen to your file.

S1 — ’

S1 rB= ,

nA=
)
b
4 b
} ) v
I

2007-03-12, Linkdping Dr Christian Asseburg
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% winbugs E]@ x

File Tools Edit Attributes Info Model Inference Options Doodle Map  Text  Window Examples Help

# pr & Practical 1 data.txt To enter a scalar, simply write it, e.g.
mode: N=8
4 # Data
M || list( To enter a vector, OpenBUGS uses R
T N=8, notation, i.e. the c( ) operator.

s1i rA=c( 65, 9,39,202
=1 rB=c( 81,15,29,270
nA=c (120,15,84,398

rA=c(65,9,39,202, 45,17,48,63)

:fn nB=c (120,16, 45,402| Matrix-shapeddata can be entered in two
) formats — more about this later. It is also
possible to enter data with more than 2
dimensions.
£ I
} v
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2.2 winbugs

-,

BEX

File Tools Edit Attributes Info Model Inference

COpkions Doodle Map  Text Mindow Examples Help

r

# Pr @ Practical 1 data.txt

mod e

#
M
T
51
S1

#
fo

# Data

Again, it's good practice to save the data file
before you begin sampling.

list(
N=8,
rA=c( 65, 9,39,202,
rB=c( 81,15,29,270,
nA=c (120,15,84,398,
nB=c (120,16,45,402,

45,17, 48, 63),
52,12, 68, 80),
80,40, 97,121),
77,20,100,115)
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Overview of model specification

 When you have entered the model and the
data, open the “Specification Tool” on the

“Model” menu.

10 Specification Tool
1_ “Check” the model check model load data |
2. “Load” the data compile | rum of chains [T
G JPREL | dynamic compilation
3. “Compile” the model e cample
¥ 5. for chain |1_E
4. Load or generate initial values

Dr Christian Asseburg
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3 winbugs E]@

File Toaols Edit  Attributes Info Model Inference  Ophions Doodle Map  Texk Window  Examples Help

I|FEI practical 1 model. txt E]@

Practlcal 1 “‘
{ |
0
# priors
M ~ dnorm (0, 0.0001) check model load data |
T ™ dnorm{0, 0.0001)
sigmaM ™ dunif (0.2) campile { cha r
sigmaT ~ dunif (0.2) e A
| dynamic compilation
# RCTs
for (1 in 1:N) { far chain |'|_E

mu[i]™ donorm{H.precH)
t[1i] ¥ doporm(T.precT)
logit(pA[1i]) <- mu[1]
logit(pB[i]) < muli] + t[i1. Highlight the word model in the
iE{H N dhiﬂgﬂ{ﬂ: EBHH model file, and click on the button

Yy o “Check model”.

F_

CHE
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3 winbugs E]@

File Toaols Edit  Attributes Info Model Inference  Ophions Doodle Map  Texk Window  Examples Help

I|FEI practical 1 model. txt E]@

Practlcal 1 “‘
{ |
0
# priors
M ~ dnorm (0, 0.0001) check model load data |
T ™ dnorm{0, 0.0001)
sigmaM ™ dunif (0.2) campile { cha r
sigmaT ~ dunif (0.2) e A
| dynamic compilation
# RCTs
for (1 in 1:N) { far chain |'|_E

mu[i]™ donorm{H.precH)
t[1i] ¥ doporm(T.precT)
logit(pA[1i]) <- mu[1]
logit{pB[i]) <- mu[i] + t[iCheck the status bar — if you see an

rA[i] ™ dbin(pA[i]. nA[i]) )
rB[i] ~ dbin(pA[i]. nB[i])| ©€Irfor message, fix your model

code.
‘l model 1z syntachcally comect
|

CHE
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5 winbugs E]@

File Tools Edit  Atkributes Info Model Inference Options Doodle Map Text  Window Examples Help
r

# =] practical 1 data.txt E]@

|
E #tidata .;3'.:
1ist]l '
N=8,
FA=c( 65, 9,39,202, 45,17, 48, 63), check madel load data |
rB=c{ 81,15,29,278, 52,12, 68, 8@),
nA=c{1208,15,84%,398, 8O, 48, 97,121), compile rurn of chaing |7
nB=c{1208,16,45 402, 77,208,1088,115)
) | dynamic compilation
far chain I'I_E
2. Highlight the word 1ist in the
data file, and click on the button

“Load data”’.
 — |
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5 winbugs E]@

File Tools Edit  Atkributes Info Model Inference Options Doodle Map Text  Window Examples Help
r

# @ practical 1 data. txt

8=}

E #idata .;3'.:
1ist]l '
H=8

rA=c{ 65, 9,39,2082, 45,17, 48, 63),
rB=c{ 81,15,29,278, 52,12, 68, 88),

check. model | load data |

nA=c{128,1%,84_.398, 88,48, 927,121), compile

nB=c{128,16,45 482, 77,28,188,115)

) | dynamic compilation

| far chain I'I_E
3. Enter a number of chains and
click “Compile”.

< It's a good idea to use more than 1
- chain. | usually set this to 3.
ata loaded |

CHE
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% winbugs E]@ X

File Tools Edit  Atkributes Info Model Inference Options Doodle Map Text  Window Examples Help

E] practical 1 data. txt E]@
|

#idata _;3:

1ist]l
H=8

rA=c{ 65, 9,39,2082, 45 17, 48, 63),
vB=c( 81,15,29,278, 52,12, 68, 88),
nA=c{128,15,84,398, B0, 48, 97.,121), i of chains |3
"B=E{12ﬂ,1ﬁ,1|.5,1|.ﬂ2, ??,Eﬂ,1ﬂﬂ,115} .................................

] | dynamic compilation

4. Click the “gen inits” button to oadints | forchan 1 [
auto-generate initial values.

[B]=

check. model |

In more complicated models, you
may have to specify initial values
manually. Then you would use the >
‘load inits” button to-enter them:.
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5 winbugs E]@

File Tools Edit  Atkributes Info Model Inference Options Doodle Map Text  Window Examples Help
r

# =] practical 1 data.txt E]@

E fidata .;3'.:
1ist]l '
H=8,
rh=c{ 65, 9,39,262, 45,17, 48, 63), check model |
rB=c( 81,15,29,270, 52,12, 68, 86),
nA=c{128,15,84_,398, 88,48, 27,121), nwm of chaing |2
Ol Ao LA L .. |
) | dunamic compilatian
That's it! If you do not see the status text Sinitial e
values generated, model initialized”, an error
message should have told you what the problem is.
W

‘l initial walues generated, model intialized
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Common errors

o After “Check model”
- Syntax errors like commas and ( ) and [ ] and { }
- Using the same variable name sometimes as scalar
and sometimes as array

» After “Load data”
- Loading data for variables that are defined by <-

- Loading data of the wrong shape for a vector or array

o After “Compile”
- Defining a variable twice or forgetting to specify some
required data
- Leaving out the correct [ ] indices for variables that are
defined inside a “for” loop
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Overview of the sampling steps

» After compiling and initialising your model, open
the “Sample Monitor Tool” on the “Inference”
menu

1. Set monitors for the parameters of interest
2. Using the “Update tool”, simulate draws from the

o0 _ _ 8 Sample Monitor Tool
3. Check for issues like e | < cha[i o [5 peceies
burn-in and convergence o T [T wa — 1%;

4. Retrieve sample summary | | -
or histograms, or export 0
draws to another program | e
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%Mnbugﬂ E]@’}{“
File Tools Edit Attribotes Info Model Inference Options Doodle Map  Text  Window  Examples Help
= practical 1 model.txt E]@ £
# Practical 1 -0
model { il
= 11 ta |3 perzenties
# priors r_ r_ %5
H ™ donorm(0. 0.0001) 1 10000000 i, |1
T ~ dnorm(0, 0.0001) i e i b
sigmaM ~ dunif (0.2) ‘@ | | | median
sigmal ™ dunif ({(0.2) 75
| | | | NEY
# RCTs : : - :
For (i in 1:N) { Set.tlng the monitors allows you to pick whlc_h
mu [i]~ dnnrm{H,pre] variables are of interest and avoids generating
tl1] = dnorm(T.preyqatg streams for other variables.
logit(pA[1]) <- mu
lﬂg@t[pB[i]) <- mu
I‘%F} - g?ﬂpﬂ}} Here, let's monitor M and T. So, enter M into the
Ir 1 1nLp 1 7 ».! e = 1 ”
} node” field and click “set”. Then do the same
B 1 with T.

~LIr

% B
-
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5 winbugs E]@ X
File Tools Edit  Atkributes Info Model Inference Options Doodle Map Text  Window Examples Help
=] practical 1 model txt E]@ &
# Practical 1 2
mode I :
:0: Update Tool v] chains [T ta [3  percenies
o o 25
1 updates |1|:II:II] refresh
end 10000000 i [1 2
update | thim |1 lteration o5
set | | redian
T over relay | adapting gg
# RCTs | | 35
for (i in 1:M) { —
mu [1]17 gnnmiﬁ.precﬁl Now, open the “Update tool” from
15;}1;{@1['???{{19;3?1} the “Model” menu. Enter 10000 for
logit(pB[i]) <- mu[i] + t[i] |the number of updates, and click
TA[1] ™ dbin{pA[i1]. naAf[i]) T ”
rB[1i] ™ dbin(paA[i]. nB[1]) Update :
h 4 v

Fad B |
iR
- B | =
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Common errors during “Update”

If you get error messages while OpenBUGS is generating
draws from the posterior, these are usually displayed in the

form of cryptic “trap” messages. It can be difficult to figure out
what went wrong.

The most common problems are unsuitable initial values, a
model that leaves part of posterior parameter space
undefined, or a model that is too complex for OpenBUGS.

Hopefully you do not run into any of these during this first
practical!
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10 winbugs E]@ X

File Tools Edit  Attribukes Info Model Inference ©Ophions Doodle Map  Text Window Examples Help
= practical 1 model. txt E]@ o
# Practical 1 g
model .~
-;ﬁ"ﬁ |M __ n:halns |— - |3— percentiles
ﬁ E updates |1EIEIEIEI refrezh EE
'I' [ 4]
update | thin |1 25
S1¢ A ’ | | | median
Sic | over relax | adaphing 3
I EL
‘:"ﬂ?ﬁ in 1:N) o — Note that OpenBUGS can be
mu[i]~ dnorm(M,precM) unresponsive while it is updating.
t[1] ™ dnorm(T.precT) Patience!

logit(pA[1]) <- mu[1i]
logit(pB[1]) <- mu[1] + t[1

?;EH N ﬁiiiﬁpi{i}' E‘;EH When OpenBUGS is ready, you
P ’ should see a message like-“10000

' - updates took 10s” in the status bar:
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Some basic checks

Sampling Bayesian posteriors through a numerical method
like MCMC (e.g. with OpenBUGS) can go wrong if the
sampler does not explore model space well.

In this practical we will check 3 diagnostics. You should
always check them.

Trace The simultaneous chains should wiggle in the same
area In posterior model space.

BGR The red line should be very close to 1 at the RHS.

Auto-correlation Most of the bars in these graphs should
be small.
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8 winbugs E]@ X
File Tools Edit  Attribukes Info Model Inference ©Ophions Doodle Map  Text Window Examples Help
= practical 1 model. txt E]@ o
# Practical 1 :6: Sample Monitor Tool e
model ,,° :
:;ﬁ".: fiode | j et |-|_ o |3_ percentiles
# [ 25
L updates |1EIEIEIEI refrezh | 100 5
¥ X beg |1 end [10000000 i |1 i
: Update | thin |1 iteration |1DDDD —— - 23
S1t _ clear | | i ohace | history | dengity | median
ElE I_ aver rEla:l: |_ Elljal:ltlr'lg ............................................. i ?5
30
# BCTs statzs coda quantilez |  bar diag | auto cor | g? -
for (1 in 1:H) { '
mu[i]™ dnorm{M.,precH) . “ .
t[i] ~ dnorm(T.precT) Now, click on the “Sample monitor
logit(paA[1]) <- mu[1] | tool” to bring it back (or open it from
lﬂﬂlt[PB[l]] <- 11111[1] + t[]- th ul f ”
ra[i] ~ dbin{(pA[i]. nA[i]) e Inrerence menU).
TB[1] ™ dbin{pA[i1]. nB[1])
LA - Enter * into the node box, then click
10000 ypdates took 10 =

“Trace”.
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10 winbugs

=%

-,

updates |'IEIEIEIEI
update | thin |1

0 ['ynamic trace

File Tools Edit Atkributes Info Model Inference

refresh | 100

iteration |'I aoao

[ over relax | adapting

ioptions Doodle Map Text wWindow Examples Help

You should see something like this
plot in the “Dynamic trace™ window.

enig

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

] [y L ] 1

frace

hiztomn | denazity |

quantiles

bar diag | autao car |

10

25
median
sl

90

95

97 .5

et redag o

I I I
9550 9900 9950
iteration

Eaipap il

I
3530

I I
9900 9930

teration

2007-03-12, Linkoping

Dr Christian Asseburg
University of York, UK

cab05@york.ac.

uk

CHE

Centre For Health Economics




Practical 1: Getting started in OpenBUGS Slide 58

You should see something like this plot in the “Dynamic trace™ window.
Each colour represents one of the chains in the posterior sample.

Check the trace to see that all chains “wiggle” and that they overlap
well. The plot below looks quite good.

A
= Al " |
§ = O “'m‘ . “"1 | VW%WQVA\M(WM “M%;
G LN |
> n
S
9850 9900 9950

iteration

last 200 iterations
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Now create the BGR plot for all monitors *.

Note that the colours in this plot do not represent the three different
chains. There are always three colours (red, green, blue), the red line
matters in this test.

The red line should be
very close to 1.0 on the
right-hand side. This plot
looks excellent.

O 1

b8r dia.%nost
(

0 5000

iteration
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Third, click on the “auto cor” button to look at the within-chain
autocorrelation. (The colours correspond to the individual chains here.)

|deally, autocorrelation should be noticeable only for a lag of 1,
indicating that the chain moves randomly from one iteration to the next.

5 M

©O
In this case the sampler U—[
on the “green” chain w(e] ) _
performed slightly less =l
well than the others. 8,_' -

s ' '
But autocorrelation is not g O 2 0
apparent in any chain for ag
lags above 3. This plot
looks ok.
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Burn-in and convergence

We have looked at 3 basic diagnostics and the posterior
sampler appears to be sampling well after 10,000 iterations.
There was no sign that the initial values were still influencing

the output.

So if we delete these first 10,000 draws as “burn=in’, we

should get good draws from now on.

Slide 61

19 Sample Monitor Tool

Write 10, 001 into the beg

field on the “Sample monitor
tool”. Then use the “Updater” e

clear trace

niode |x

ﬂ chaing |1_ ta |3_ percentiles
{) [10000000 e |1

hiztary | denzity |

to generate the 10,000 .

shats coda quantiles

bar diag | auto cor |

samples that we will use.

ot

25
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How many draws to discard?

In this simple example, it is probably a waste of computing
time to throw away 10,000 draws for burn-in. Actually it took
around 5 iterations to move away from the initial values.

But we checked the statistics after 10,000 draws so we are
safe only if we discard all of these for burn-in.

M
0.050.0 150.0

20 40

iteration
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How many draws to generate?

This depends on your application. People often use 10,000
draws but there is no magic number.

When you generate more draws, the resulting means,
standard deviations, credibility intervals etc. will be more
accurate. Histograms and other graphs will appear smoother.

Running 3 chains, you actually end up with 3*10,000 draws.
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162 winbugs - |8

File Tools Edit  attribotes Info Model Ioference  Ophions Doodle Map  Window  Examples  Help
1 Lo
updates |'IEIEIEIEI refresh (100 node |x j chains I.T - |37 percentiles
25
thir |1 teration |2IZIIIIIZIIZI
M beg 10001 oo 10000000 gy, |1 15,]
[ overrelaw | adapting  BEE 23
dest | [ wace | tiston | censiy | |median
_ - a0
zhats coda quantiles |  bar dlag| auto n::n:ur| 95
875

Now we have generated 20,000 draws each, in 3 chains, out of which
we are discarding the first 10,000 as burn-in. With 3 chains, the
posterior summaries will thus be based on 30,000 draws.

This is a brief overview of the inferences you can do within OpenBUGS.

[ 10000 updates took 10 = |

2007-03-12, Linkoping Dr Christian Asseburg
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Slide 65

10 Sample Monitor Tool

clear trace

fiode |x j Shefe |-|_ bo |3_ !:uercentiles
beg |1EIEIEI1 end |1DDDDDDD thin

—

hiztary

stats coda quantiles

bgr diag | auto cor

e
S

2.5

M sample: 30000

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

.’"“"‘"""‘\}
P

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

| 0:05%@:0

The “Density” button shows partial posterior histograms, i.e.
the posterior probability distribution for an individual
parameter regardless of the values of other parameters.

As with all posterior summaries, if higher accuracy is desired,
generate more draws. You should generate more draws if the
posterior density looks “rugged” or has unexplainable spikes.
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10; Sample Monitor Tool
riode |x j chan: 1 to [3 !:uercentiles
|_ |_ 2.5
al
beg |1EIEIEI1 end |1EIEIEIEIEIEIEI thin |1 10
2R
clear trace kiskory | detizity | ;";dia”
a0
quantiles | bar I:Iiag| ALt |:|:|r| g5
97.5

The “Stats” button creates a table with posterior mean,
standard deviation, MC error, 95%-credibility interval and
median.

mean sd MC _error val2.5pc median val97.5pc start sample
M 0.04836 0.08293 0.002087 -0.1076 0.04576 0.2129 10001 30000
T 0.7127 0.1249 0.00317 0.481 0.7105 0.9601 10001 30000
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:8: Sample Monitor Tool The posterior mean and
node [ | chains[1 to [3  percenties standard deviation.
25 | Note that you can compare
4]
1000 |1 QoooQoo | !
beg | nd i 10 these to the prior mean and
= wace | history | density | median standard deviation — this gives
| | 90 you an idea of the information
quantiles | bor diag | auto cor | q5 A :
97 5 content of your likelihood

function, compared to the prior.

The “Stats” button creates a table with posterior mean,
standard deviation, MC error, 95%-credibility interval and
median.

mean sd MC _error val2.5pc median val97.5pc start sample
M |0.04836 0.08293| 0.002087 -0.1076 0.04576 0.2129 10001 30000
T 10.7127 0.1249 | 0.00317 0.481 0.7105 0.9601 10001 30000
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:#: Sample Monitor Tool The MC error is an estimate of
node [+ < chains[i 1o [3 persenties how much of the variation in the
| - 25 ] teri le is due to th

F posterior sampie IS due 10 the
beg |1””m aik |‘””””””” tin | 10 noise generated in the sampler
2h )
trace higtary | denzity | ;"E‘?dia”
| | 90 Its value should be very small
quantiles | bor diag | auto cor | q5 ;
375 relative to the sd.

The “Stats” button creates a table with posterior mean,
standard deviation, MC error, 95%-credibility interval and
median.

mean sd MC _error |val2.5pc median val97.5pc start sample
M 0.04836 0.08293) 0.002087 |-0.1076 0.04576 0.2129 10001 30000
T 0.7127 0.1249 | 0.00317 0.481 0.7105 0.9601 10001 30000
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10 Sample Monitor Tool

The posterior median and 95%

node [ =] chains[1 0[5 credibility interval
beg |1nnm and |1unnnnnn thin |1

To change the percentiles you
can use the controls in the
“Sample Monitor Tool” before
you click on the “Stats” button.

trace hiztary | denzit

quantiles |  bor I:Iiag| auto cor

The “Stats” button creates a table with posterior mean,
standard deviation, MC error, 95%-credibility interval and
median.

mean sd MC _error |val2.5pc median val97.5pc| start sample
M 0.04836 0.08293 0.002087 ]-0.1076 0.04576 0.2129 10001 30000
T 0.7127 0.1249 0.00317 0.481 0.7105 0.9601 10001 30000
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R —— Some information on the number
noge |- =] chains[1 to [3 percenties of draws that went into this table.
25
e |1nnm end |1unnnnnn thin |1 15D
2R
trace hiztary | denzity | ;";diaﬂ

a0
quantiles |  bor I:Iiag| auto |:|:|r| q5

37.5

The “Stats” button creates a table with posterior mean,
standard deviation, MC error, 95%-credibility interval and
median.

mean sd MC_error val2.5pc median val97.5pc| start sample
M 0.04836 0.08293 0.002087 -0.1076 0.04576 0.2129 10001 30000
T 07127 0.1249 0.00317 0.481 0.7105 0.9601 10001 30000
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Some comments
* |t is instructive to compare the posterior means

and standard deviations to your priors — to see
whether, through the likelihood function, the
data have contributed information to all
parameters.

* |n this case we notice no abnomalies in the
posterior densities or summaries. If for example
you had found signs of a bimodal posterior
distribution or unreasonably wide credible
intervals, you should rethink your model design.
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(=] %

% winbugs

Eile Tools Edit Attributes Info Model Ioference  Options Weodle Map  Window Examples Help

Samples...
Compare, ..
Correlations. ..

Summary. ..
Rank...

DIZ...

You can obtain a few more posterior summaries through the
“Inference” menu, for example posterior correlation
between parameters or the deviance information criterion

(DIC).

The DIC is useful in model selection — more about it later.
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Summary

 Now you have entered and run your first
OpenBUGS model. You know how to

- code a model in OpenBUGS language

- load data

- run the numerical sampling algorithm

— check for convergence and discard burn-in iterations

- produce a few useful posterior summaries

* If you want to practice more examples on your
own, check out the “Examples” menu!
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