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What is the Bayesian Approach?

o The experimenter begins with some prior beliefs
about the system (or not...).

o And then updates these beliefs on the basis of
observed data.

o This updating procedure is based upon what is

known as Bayes’ Theorem:

Cx(0 | data)/ ((data | ©)5(®))

Posterior distribution
of the parameters
given the data

data given the
parameters

the parameters
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Likelihood of the Prior distribution of

Summarising the Bayesian’s Beliefs

o The posterior distribution (or the corresponding

the parameters.
are often more interpretable.

is the source of the computational complexity of
the Bayesian approach.
o The Markov chain Monte Carlo algorithm is a
powerful tool for estimating these summary
statistics of interest.

marginal distributions) are the best summaries of
o However, point estimates and uncertainty intervals

o It is the process of summarising the posterior that

Bayesian Integration Made Easy

o Bayesian inference is based upon the estimation of
posterior summaries such as the mean.

o These require integration of the posterior density
e.g.
E(g(0) = [2(0)7(0|x)d0

o Expectations of this sort can be estimated by
drawing samples 8, ...,8(" from the posterior
distribution, =, and then calculating the sample
mean.

L
E(2(0) = [2(0)2@0|)d0 - 20")

o This is known as Monte Carlo Integration.
So, how do we generate a sample from =?

Bayesian modelling using MCMC

o Suppose that we can construct a Markov chain
with stationary distribution equal to the posterior
distribution of interest.

o Then, once the chain has converged, realisations

distribution.

chains, where we only know the distribution upto
proportionality.
o Metropolis-Hastings, Gibbs sampler, Metropolis-
within-Gibbs, ...

can be regarded as a dependent sample from this

o There are now several ways of constructing these

WinBUGS

o Bayesian analyses using MCMC algorithms
typically involve a fair amount of computer
programming, but...

o Programming isn’t everyone’s cup of tea!!.

o However, there are alternatives...

o WinBUGS is the most widely used package which

allows a large number of possible models to be

fitted.
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o 1989: Unix version called BUGS.
o 1998: first Windows version, WinBUGS was born.

o Initially developed by the MRC Biostatistics Unit
in Cambridge and now joint work with Imperial
College School of Medicine at St Mary's,
London.

o Windows Bayesian inference Using Gibbs
Sampling.

o Software for the Bayesian analysis of complex
statistical models using Markov chain Monte Carlo

(MCMC) methods. 0&#%

Demog_raphlc components Climate
(fecundity, breeding success,

survival, etc...) (Temperature, rainfall, etc...)

1. Do temperature and rainfall affect the number of chicks?

2. Regression model:

Yy=a+ B R +B: T +¢, i=1,...,23
g i.i.d. ~ N(0,62)

Y; ii.d. ~ N(02), i=1,...
w=a+pB R +p T

3. Estimation of parameters: o, B,, By, o

4. Frequentist inference uses t-tests.
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Freely downloadable from: http://www.mrc-bsu.cam.ac.uk/bugs/winbugs/contents.shtml

Y
Number T Ter_np. May (°C)
of chicks R Rainf. May (mm)
per pairs

Y T Temp. May (°C)
Number R Rainf. May (mm)
of chicks
per pairs

Y= 2451 + 0.031 T - 0.007 R
: Estimate Std. Error t value Pr(>|t|) |
| temperature  0.031069 0.054690 0.568 0.57629 |
| rainfall -0.007316 0.002897 -2.525 0.02011 * |




Analysis using WinBUGS
Y T Temp. May (°C) ; ; A
Number R Rainf. May (mm) o Three basic parts of a WinBUGS file:
gg:';';l'i_ = 1. Model specification:
BUGS language: Similar to S-Plus/R.
Graphical language: Using DoodleBUGS
= Illustrate the structure of the problem
Y= 2451 + 0.031 T - 0.007 R = But, some feature of BUGS language cannot be
represented by DoodleBUGS.
: Estimate Std. Error t value Pr(>|t|) | * See manual for further details
| temperature  0.031069 0.054690 0.568 0.57629 | m 2. Data
| rainfall -0.007316 0.002897 -2.525 0.02011 * | .
: = 3. Initial values for unknowns @
= Influence of Rainfall only og og¢
What do you need? The model
e -
#linear regression for storks

# number of chicks per pair as a function of both rainfall and temperature in May

use the WinBUGS
command 'model'
)

madel

for(iin1:N)

1 - a model giving the
likelihood and the priors

nbchicksperpairf] ~ dnorm(mufi tau)
muf] < intercept + slope temperature * temperaturel] + slope rainfall * rainfali]

#priors for regression parameters
intercept ~ dnorm(0,0 001

slope temperature ~ dnorm(0,0.001)
slope rainfall - dnorm(0,0.001)

slope temperature ~

slope rainfall ~ dnorm(0,
2 - some data of course ‘

# priors for precision parametd
tau~ 1,0001)

S M— Specify the priors

01) . :
[~ We use noninformative
| priors here

#priors for precision parameter
tau ~ dgamma(0 001,0.001)

# monitor the standard deviation
sigma < 1/ sant{tau)

sigma < 1/ sqritau)

don't forget to embrace
the model with {...}
3 - initial values to start

‘ PSS ——

=23 fhchicksperpair =
€(255,185,2.05.2.88,3.132.21,2.43,2.60,2.55,2.84,247,269,2
52231207,2.35,2.98,1.98.253,231,262,1.78,2.30) temperature =
st satents st ise (IS IS0 I1 7158 )
127,17,119,159,13.4,14.0,13.9,129,15.1,13.0)rainfall =
c(67 52.88,61,32,36,72,43.92,32,86 28 57,55 65362596 48 90,8678 87))

the MCMC algorithm

#initial values

o1

Data and initial values Overall

(953
Mop_Text_window e

i Tooks i

s _Tnfo Aokl Tnference _Option: _bondle

S5 x
#linear regression for storks
#number of chicks per pair as a function of both rainfall and temperature in May

N=23 nbcm:ksperpa\r
CHES206208.319.021,243260286.264.2472602

for(iin 1Ny 1 - a model giving the

likelihood and the priors

12,815 1,13 0)rainfall = nbchicksperpairi) ~ cnorm{mu tau)
35,57 55.65.26.25.96.45.90,86.78.57) < et e mparaar ompsrare] S ot ot

#priors for regression parameters
intercept ~ dnorm(0,0.00

slope temperature ~ dnorm(0,0.001)
slope rainfall~ dnorm(0.0.001)

# priors for precision parameter
tau - dgamma(0.001,0.001)

2 - data ‘

#monitor the standard deviation
sigma < 1/ sart{tau)

st QR R/ SR ISP Ry Byfax) \

=23tbchicksperpair =
(255,185,205,288.2.13,2.21,243,2,69,2 65, 2842.47,269.2
52231,207,2.35,2.98,1.98.253,2 21,2 62,1.78,.2 30) termperature =
€(151,13.3153,133,146,15.613.1,13.1,150,11.7,153,14.4,1
44,127,17,119,15.9,13.4,14.0,139,129,15.1 [30yanols
o(67,52,88.61,32.36,72,43.92.33.86 38.57.55.

3-initial values |

48.90,86,78 7))

#initial values

01




At lastl!

« Initialization
- check model
2 - load data
3 - compile model
4 - load initial values
¢ Run MCMC
5 - generate burn-in values
6 - parameters to be monitored
7 - perform the sampling to generate posteriors
e Posterior summary
- check convergence
9 - display results

h Coun oo % |
e R

1. Check model

on] (85X
ributes_Tnfa Aokl _Tnf

e Option:_bondle_Wap_Text_Windaw _teh — e x

Winb!
e mookear

#linear regression for storks
#number of chicks per pair as a function of both rainfall and temperature in May

mE

model
for(iin1:N)

nbchicksperpair(] ~ chorm(mu] fau)
mu[] < intercept + slope temperature * temperature(] + siope rainfall * rainfalli]

#priors for regression parameters
intercept ~ dnorm(0,0.001)

slope termperature ~ dnorm(0,0.001)
slope rainfall~ dnorm(0.0.001)

ipffors fororedislon peremer
tau~ dgamma(0 001,00

#monitor the standard deviation
sigma < 1/ sqri(tau)

data

list{N=23 nbchicksperpai
€(255.1852.05.2.883.13.2.21,243.2.69.2.55.2.84.247.269.2
52231207235298.198.253,221,262.1 78,2 30) temperature =
€(151,133,153,133.146,156,13.1,131.150.117,153,14 4.1
44,127,17.119,159,134,14.0,139.126,15 1,13 O)rainfall =

(67 ,52,88,61,32:36,72,42,32,32,86.28,57.55,66,26,28 96,4890 26,78,87))

#initial values
s

lope. f2u=001)

1. Check model: highlight ﬁ/adf/'

Flle Took Edr Aibuies Info fhadel Inferencs Optiore_boode fap Ted_Window Tl
#linear regression for storks
#number of chicks per pair s a function of both rainfal and temperature in May

{
for(iin 1:N)

nbchicksperpairfi] ~ dnorm(mufitau)
muf] < intercept + siope temperature * temperatureli] + slope rainfall* rainfalli]

i o aipansion paols
intercept ~ dnorm(0,

slope temperalure ~ dnovm(o 0001)
slope rainfall ~ dnorm(0.0 00 1)

# priors for precision parameter
tau ~ dgamma(0.001,0.001)

#monitor the standerd deviation
sigma < 1/satltau)

ata

ist(N=23nbchicksperpair =

€(255.185205.288,313,221,243.260,2652 842 47.269,2

52231,2,07,2352.98,1.98,2 53.2.21,2.62,178,2.30)temperature =

151138158138 140150491181 150 17U 81441
9,134,140.13.6,12.9.15 1,13 O)rainfal

:(6752 8861_’52 36 7243 9232 862'857 55,66,26,.28,96.48,90.86.78.8T))

#initial values

01)

1. Check model: open the Model Spec

6 WinbUGS14 - insarrsgression]

B\ e Took_Ed1 Artes _Info JHGHIL ToferarceOpfions_boods_Wap Tod_Window TR
#linear regression for storks Coiii ]

#number of chicks per pair as a fall and temperature in May

for(iin 1:N) For

nbchicksperpairfi]~ dn¢_ seript
‘mufi] = intercept + siope TEMpaTA eraturefi] + slope rainfal  rainfall]
¥

# priors for regression parameters
intercept ~ dnorm(0,0 001,

Slope temperature ~ anom(0,0.001)
slope rainfail - dnorm(0,0.001)

# priors for precision parameter
tau ~ dgamma(0.001,0.001)

# monitor the standard deviation
sigma < 1/ sqrtltau)

#doe

ist(N=23 nbchicksperpair =
c(:ﬁswss;oszsszumuazegzsszuunsez
52.231.207235.298.198.253,2 31,262, 78.2 30)temperature =
€(151,133,153,133,146,156,13 1,13 1,150,117,153,14.4,1
44127,17.119,159,13.4.14.0,13.8,129.15 1,13 O)rairal =
C(67.52,88.6132,36,72.43.92,32,86.28,57,55,66,26,28.95.48,90,86.78.87))

#intial values
ist(intercept=0 siope temperature=0,siope rainfall=0 tau=0.01)

(5
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1. Check model: Now click "check model'

# linear regression for storks 2
“# number of CICKS per pair as & unction of both rainfal and temperature in May i

C
for(iin1:N)

nbchicksperpair{] ~ dnorm(muf] tau)
muf] < intercept + slope rainfali* rainfail] + slope temperature * temperature]
}

#priors for
intercept.~ dnorm(0,0.001)

slope temperature ~ dnorm(0,0.001)
slope rairfall ~ dnorm(0,0.001)

vock model]
# priors for precision parameter o | morchane
10~ dgamma{(0 001.0.001)

i | e [TE

# monitor the standard deviation
sigma <- 1/ sqrt{tau)

chicksperpair
05.2883.13221243260.255.284.247260.2

E

@55.1952 4 y

52231207235298,198,253221262,178,2.30) lemperature =
1331

Lo SSAASI4RISaILL IS 48011 1eB 00 4
17.119,159,134,140.1 915 1.130)sai

27 5
c(57 52,88,61,32.36.72,43 92,32, 86 28 57,55,66,26.28. 645 00, 86,7887)

#initial values

slope o1

.. o ‘ ]

1. Check model: Watch ont for the confirmation at the foot of the screen

[ moded is syntactically correct

YR




2. Load data: Now highlight the 'list' in the data window
[ WinsUEST4 - e
L o e g e e e

#linear regression for storis
number of chicks per pair as a function of both rainfall and temperature in May

model
for(iin1:N)
nbchicksperpairfi] ~ dnorm(muf].tau)
mufi] = intercept + siope lemperature * temperaturei] + slope rainfal * rainfal]
X

# priors for regression parameters
intercept ~ dnorm(0,0 001!

i Spacification Too

pocptiieiriny il Skl S M|

#priors forprecision perameter cone | umetchans [T

- cgamma0.001,0.001)

# monitor the standard deviation LT Jeecy mg]
 soma< sattan)

2432692552 84.247.269.2
2231507 238 260.1 853 6341 365.1 10.3 S0y amperatre =
C(151,133,153,133,146,156.13.1.13.1.150,11 7.153,14 4,
44127.17.119,159,134.14.0,135,125.15 113 O)rairal
C(67.52,38.61,32.26.72.43.92,32,86.28 51,55 ,66,26,28.95.48.90.86.78 87))

#intial values
ist(intercept=0,siope temperatu

2. Load data: watch ont for the confirmation at the foot of the screen
data loaded

3. Compile model: watch out for the confirmation at the foot of the screen

rmadel compiled

r(.ﬁ.&lﬁl"" % %

s

2. Load data: then click 'load data’

B WinBUCS14 = [inservegression]
S

#linear regression for storks
# number of chicks per pair as a function of both rainfall and temperature in May.

model
for(iin1:N)
nbchicksperpair{] - anormimu] ta

u)
muf] <- intercept + slope.rainfal  rainfall] = slope temperature * temperature{]

#priors for
intercept ~ dnorm(0,0.001)

slope lemperature ~ dnorm(0.0.001)
Slope rainfall ~ cnorm(0,0.001)

‘Specification Tool |

_congie | numorchais [T
Liiits | e B

#priors for precision paramster
tau ~ dgamma(0.001,0001)

#monitor the standard deviation
sigma <- 1/ sqrt{tau)

pbchicksperpair =
€(255.185.205,2883.13,2.21,243.269,.2.55.284.247.2.69.2
52231207,2252.98,198,253.221262,1.78,2.20) temperature =
S161133163123146 1501311311501 71531441
4.412.7,17.119.156,13.4,14.0,13.6,12.915.1,13.0)rairfa
C(67.52.88.6132,36.72.43.92,32,86.28.57 55.66,26.28. iy - 87)

#initial values
list(intercept=0,slope temperature=0.slope rainfali=0 tau=0.01)

SR

me

3. Compile model: Next, click "compile’

#linear regression for storks
#number of chicks per palr as a function of both rainfall and temperature in May.

model
for(iin1:N)

nbchicksperpairfi] ~ dnom(mufi} tau)
muf] <- Intercept + slape.temperature * temperaturefi] + siope rainfall* rainfall]

# priors for regression parameters
intercept - dnorm(0,0.001

slope temperaturs ~ dnorm(0,0.001)
sloperainfall ~ dnorm(0.0.001)

“Specification Tool |
=
| n.w.mﬁ‘
| o ve
| ot |

# priors for precision parameter " comese

tau ~ dgamma(0.001.0,001)

#monitor the standard deviation
sigma < 1/ sqrt{tau)

datal

ist(N=23 nbchicksperpair

5(2551352052883132212432692552842472692
7,235.298,1.98,253,2 21,2 62,1 78.2 30) temperature =

c(1511331531331461551311311501171531441

44.127,17.119,15.6,13.4,14.0,13.6.12.9.15.1,13 O).rairfal =

c(ﬁ752886132367143923286285755652628954890867887))

#initial values
5l

lope. o1

s B

4. Load initial values: highlight the 'list" in the data window
v &0
e ot ot e o g e Sy
#linear regression for storks [
A nimoar o ks ot par 2 3 uncionof o ranfal and tsmperare iy
o
for(iin1:N)
Soctideperpit] - rommofian)
e e e peratae  sope ol il
prirs o reression arametrs
intercept ~ dnorm{0,0.001) pecification Tool &
slope temperature ~ dnorm(0.0 001)
Slope raitall - cnomm(0.0001) eS| |
# priors for precision parameter e 4 rumokchains [T
tau ~ dgamma(0.001,0.001)
i e
# monitor the standard deviation 4 e
sigma < 1/ sqn(tau)
" ]
e
e 1a221243200255204 2472692
52 2 31 207 235208,198253221262,178, 230)Iemperalura =
S TIS8 A58 b Tae 15 13 1180117 1597
ST 1T 15 194 14813 513 15 13yl
c(67.52,88.61.32,36,72.43,92,32,86.28,57,55,66,26,28.96.48.90.86.78.87))
P~
[BRntercept=0.slope tsmperature=0,slope rainfali=0 tau=0.01)
oo e




4. 1oad initial values: click 'load inits' 4. Load initial values: watch out for the confirmation at the foot of the screen
S WinBUGSTH = (incarregrazeion] S%)
#linear regression for storks -
#number of chicks per pair as a function of both rainfall and temperature in May
mocdsl
for(iin 1:N)
nbchicksperpair(] ~ chorm(mufitau)
mufl] < intercept + slope rainfall * rainfalli] + slope temperature * temperature(i]
e T
#pnors for 1691955\0" Daremelsts
intercept ~ dnorm(0
slope temperature ~ d"Dlm(U 0.001)
slope rainfall ~ dnorm(0,0.001)
#priors for precision parameter
tau~ dgamma(0 0010 001)
# monitor the standard deviation
sigma < 11 sarau)
)
hsqN 23 nbchicksperpair =
€(255,185,2.05.288313.2.21.243,269,255284,247.269.2
52,2.31,2.07,2.35,2.98,1.98,2 53,2.21,2 62,1.78,2.30) temperature =
c(’\5113315313314515613‘13‘ ’\501\7'531441
44,127,17,119,15.9.134,14.0,13.9,12.9,15.1,13.0) rainfall
C67.52,86.61.32.30,72.4.32,3,5,28 67 56.56.25.28 96.46.90 86,7867}
#inital values
[istlintorcept=0.siope temperature=0.5iope rainfal=0 tau=0 01) ] % -
= o =
2 oy = R ) S5
- . T .
5. Generate Burn-in values: Open the Model Update Tool 5. Generate Burn-in values: Give the number of burn-in iterations (1000, )
e JRBUEST ~ (ibsamegpeiin] &
i vose_gi_siooes o BRI iares O ool T Wiy G ox B e e .
#linear regression for storks spectficanon & #linear regression for storks T -
#number of chicks per pair as 2 [ fall and temperature in May #number of chicks per pair s & function of both rainfall and temperature in May = ke T
‘model ‘model —‘ —‘
for(in1:N) = for(iin1:N) b [T
nbchicksperpaifi] ~ dnc nbchicksperpairfi] ~ dnorm(mufi]tau) o T = |
] < TRorcaps + sop e TETTEETRITE ™ hperature] + siope rainel* cainaif] muf] < intercept + slope temperature * temperaturefi) + slope rainfall* rainfalli]
) Y e
# priors for regression parameters # priors for regressmn pammelsrs
intercept ~ dnorm(0,0.001) pecificotion Tool intercept ~ dnorm(0,
Slops temperature - dnorm(0,0 001) slops temperature ~ dnovm(l) 0001)
slope rainfall~ dnorm(0,0001) ok | —’ <lope rainfall ~ dnarm(0,0001)
i 8 s i
#priorsfor precision peremeter kot [T #priors for precision parameter i
tau~ dgamma(0.001.0.001) tau~ dgamma(0.001,0.001) vpdse [ tin [T deaion [0
vt | s F ol cone
#monitor the standerd deviation [l = #mor . |
sigma < 1/ sqitau) o s\gma i) Fsartitau)
) — }
o o
list(N=23 nbchicksperpair = Iist(N=23 nbchicksperpair =
€(255,1.852.05288,3.13221,243.269,2.55.284.247,269,2 €(255,1.85205,288,3.13221,243.269.255284.247.269,2
52231,207,235298,1.98,253,2.21,262,1.78.2 30)temperature = 52,231,207,2352.98,1.98,2 53,2.21,2.62,1 78,2 30) temperature =
15113315313 314015013 113 150,11 71531421 151133153139130. 1501 1131156011 1931441
4412717,119,159,134,140,13.9,12.9,15.1,13.0) rainfal 17.119,159,13.4.140.139,12.9.15.1,13 0) rainfall
c(67.52,88,6132,36,72.43,92,32,86,28,57,55,66,26,28,96, 43 90.86,78 87)) C(67 52 886132 36,7243 .92 32,86,28 57,55,66,26,28 96 ; 48 086,78 87))
#initial values #initial values
[Bintercept=0 siope temperature=( liskintercept=0 slope.temperature=0 slope rainfall=0 tau=0,01)
AT - 3 ——— w— L.
. . , , . o 5 . .
5. Generate Burn-in values: click "npdate’ to do the sampling 6. Monitor parameters: open the Inference Samples Tool
b ety - M) - 28 Bl e ook o Anribues o Aodel [RRSISR Opiiors_boodle_map e Window_Tob =
#inearregression orstoris =
HAneer regravsionorstoriey ot #number of chicks per pair as & functig e fand temperature in May Sgacifiootion Toel L
oo 0 hcks et par 25 8 uncion of ot renel and temperare in My o - =
| =2 _4 o] -~ = Leie L]
S— BTl [T fortiin 1y LZEE] mmoos 7
Rochicksperpa] ~ crom(muf a0 s | e ochicksperpai] ~ crorm(muiiacy v | o [
st it S R—————— Gt e
¥ b |
#prors o reqressonparameters # priors o teouseclon pararnalrs T
Ifrcet~ snemi&007) Irercept - Gnorm(o 0,001 0
slops temperaturs ~ dnorm(0.0 001)
o et cnorm(00001)

# priors for precision parameter
tau - dgamma(0.001.0.001)

# monitor
sigma <- 1/ sart(tau)

#data

listiN=23 nbchicksperpair =

255165.205,280.3.13.221.243.200295204.247.2002
31:2.07.236.2.95,1.95.2.53.2.21,2.62,1.76.2 30)temperaturs =

T S te e 3 A Ta 0017

44127,17,119.156,134,140,136,12

C(67,52,886132,36,72.43,2,32,86,38 51

151,13 O) el =
55.66,26,28,96 48,90.86 78 87))

Hinital vaives
[Hintercep=0.siops temperature=0.slope rainfall=0 tau=0.01)

L5

s

#data

lsl(N=23 bchicksperpai
(2551852052883
52.2312,07.235.2.98.198.2 5
1511531531354 0,15 6131

#initial vaiues
ntercept=0 slope temperature:

oo ermporaass - domy(0.0601)

wodtes [1000 e [100

slope raiffall - Gnom(0.0.001) =1 —
e

#priors for precision pararmeter ovecas I adoing

tau - dgamma(0.001.0.001)

e e S e
Sigma <- 1/ sqrftau)

132212432692 55,2842 47,269,
3.221.262.1 7S230Hempe\amrs"
131.150.11 7,153,144

16 6,154 14515612 615,115 Oyrarton

4 50.61153.50.72 4533 53 56 20,67 56.60.26 5.6 45.90.86.75.57)

slope rainfall=0.tau=0.01)

o Tcoxocn

/

/:n'm

7




6. Monitor parameters: Enter "intercept’ in the node box and click 'set'

S WinBUES 14 = (insarregresiion] SEX]
2 e 5

#linear regression for storks
#number of chicks per pair as & function of both rainfal and temperature in May

model ] 4

Specitication Too

C oo ng otet ] ol i
st el L) poantir| wern [

mull] <- Intercept + siops temperature * temperaturel] + slope rainfall rainfal(]
¥

i

1ot tosiantien paisimeless.
anorm(0,0.

e ocremss - caomm(0.0.001)
slope rainfall ~ dnorm(0,0.001)

e pdara Too B
“Sample Monitor Tool &3, ; =

wmtes [1000 s [100
oo | i [T hen 1005

# priors for precision parameter ol [ staptng

o
tau~ dgamma(0.001.0001)

# monitor the standard deviation
sigma <- 1/ sqrt(tau)

#data
lst{N=23 nbehicksperpair =
©(255,185,205,288,313,221,2432 69
52231207,235,298,198,2532212
151153153133046150:13 1131 11

T A 16 154 14D 13, 612.5.15.115 Cysaetot +
87 231 37 5 7345 52 5 b 5 26 A6 56 8 50,8675 7

247259,
)Iempeva\ure =
a1

#initial valuos
£l

lops. )
V- O
o i
o S
6. Monitor parameter:
e S
#linoar rogrossion for storics £ Toul &
#number of chicks per pair 45 @ function of bothrainfall and temparalure in May - Spesitiostion oo
model
f -
SSRTRAT ] i
€
Fbehickspetpalr) = dnomn{mull sau) vt | et [
] <- nercept + siope temperature * lemperalure(] + siopa rainfal* rainfalf]
)

s priors forregression parametsrs —

orcapts anam(o 3,001 1 e—

Pt e e o

lope rainfall~ dnorm(0.0 001) node [soge cartall =] chane[1 10 [ pmcener

g sl o

ovestes [ doping

# priars for precision parameter oo 7 et 000 e [ [

tau - dgamma(0.001.0.001)

# monitor the standard deviation
sigma <- 1/ sqrt(tau

usrm 23 nbchicksperpeir =
205.2883.13,221243.269,

2552842472692
52231 557 533601 G0 3 5301 3631 Jo s
5313314 I

S0)temperaurs =
7.1

”H

e 00.58.7887)

#imnalvaes
istintsrcept

slope temperature=0.siope rainfal

118u=0.01)

L g—
P ot Sy S
. Generate posterior valies: ‘update’ to do the sampling
PR m—— )
#linoar regression forstoris Fspacitcetion oo ) (&
#number of chicks per pair as & funcion of both rainfal and temperature in May Spe : &
madel
< J—
for(iin1:N) CEEET oot chans T
<
nbchicksperpairfi] ~ dnorm(muf.tau) torts | fwchon [T [

rmull] < intercept + siope lemperature * temperaturefi] + slope rainfal * rainfal]

#prors forrgession parametsrs
intercept ~ dnorm(0,0.0

O R s

e (30 001) e el i
#priors for precision parameter beo [0 e [10000
tau - dgamma(0.001.0.001)

#monitor the standard deviation
sigma <- 1/ sqrt(tau)

Hsr(N 23 nbcticksperpelr =
288.3.13.2212432.69.265.2.84.247.2.69,2
B33 20 zsszsswsszsszznszwwzau):empemmrs—
€(151,133.153.133.146.156.13 113 1.15.0.11 7.15
AT 15 615410 613 612 615 4180

a2
c(67.52,88,61.32.36.72.43,

,65,26,28,96,48,90.86 78 87))

#initial vaiues

siope on

6. Monitor eters: Enter 'slope_ "in the node box and click 'set’

Ot ——

#linear regression for storks

#number of chicks per pair as & function of both rainfall and temperature in May P SpacHication Too &
check o s
model
( .
for(iin 1 N) CI0] mmotchsm [T
nbchicksperpairl] ~ dnormimufat) [l [ |

] < Intorcept + siape temperatre * tempsraturefi] + siop rainfal” rainfaif)
L =i
S pdare Tant &
s [ 6

P )

oie [ aiaptng

s b il
m(0.0.

st norm©,0.001)
o

# priors for precision parameter
tau~ doamma(0.001.0.001)

#monitor the standerd deviation
Sigma <- 1/ sqiftau)

#data
isiN=28 bchicaperpe
2551652050803 12221249200255.2 442472002
231zu7uszsawgszsszzwzsznszsu)nempevams—
ck151133153133146156131 3115011 7.153,144.1
717.116,159.134.14.0.13 6,12.6.15 1,13 O) rainfal =
87525561 57 50 73.44,05 306,357 54 60 26 45 96 45.90.56 7657

#initial vaiues
£l

lope. o1

-9 e
A )/ St

7

7. Generate posterior values: enter the number of

amples you want to take (10000)

S WinBUCS T = (imsorregression]
B -

#linear regression for storis

#number of chicks per pair a5 & function of both rainfall and temperature in May ication Too

modsl —J e

[

for(iin1:N) I mumthm [

€
rbchicksperpair(i] ~ dnorm(mul]tau) botris | fcnan [ [H
] < intercept + siope lemperature * temperalurefi] + siope rainfal * rainfalf])
)

# priors for regression parametsrs

itercept ~ dnorm(0,0.001) W & ool
Slops temperature ~ dnom(0,0 001) Cptes [ID et 00
Elope raital~ Gnorm(0.0.001) o E— s

P el -t
# priors for precision parameter beg [T end [1000000 i 1

oo stping

tau - dgamma(0.001.0.001)

Hmonto th standerd deiaon e
sigma =- 1/ sqrtitau) EEIEEEETE

usrm 23 nbchicksperpair =
205.2883.13,221243.269.255284.247.269.2

szzswzmzsszsaw982532212621wzsu):empemxs—

€(151,133.153.13.3.14 6,156,013 1.13 1.15.0.11 7.15

T 615 .15 410 D15 612,615 .15 ) et

(8753 5551 52.50.72 44,3 35 80,35 87, 55,60,26, 35,08 48,00.86.78 87)

#initial values

sope on
Ilm-'uu
o 7Y —
. . . et - o
8. Summarize posteriors: Enter %' in the node box and click 'stats
#linear regres: for storks '3 Spacification Tool E
# number of chicks per pair as a function of both rainfall and temperature in May 2P & »
‘mods! “_‘“J —LJ
R ey T e
£
oot - ol ENTIrae——— S R
] < TRarcept + Sope tempetsate * termperaturel] + siope rainfal ranail
X i)
tpmrs o soression pramctors
ntorcept-: Gnorm(o.0,001) &
Sopesem ersmm»-dnuvm(nnﬂm) e [0 e [T
Eioperaintal- anom(0.0 601)

pdte [ e [T ovson fii000

#priors for procision paramtor 0 o s

~ dgamma(0.001.0.001)

S
#monitr the stendard deviation !'-"-. 3 . =
Sigma <. 1 serttan) [ _om | sl —”—J

#data
Usl(N=23 nbchicksperpair

€(255.185,205.288.3.13.2 212432692 65.284.247,2.

52231207,2352,98.198,253.2212 62,178,2 30) temperature =

5115315313314 015613 113115 0.11 753144,
119,15.912.4,14.0.12 6,12.8.15.1,13.0) raici

27,17
187153 56,61 5250.7345,53 55 56.35.67 55,60 26.55.96 45,90.86.75.57)

#initial values

o1




8. Summarize posteriors: mean, median and credible intervals

% Node statisties

T nods moan It} WCoror  28% medlan 5% it nnpls
et 0 s ] 2] ams m mm
shpohtl  OME  DDNR  UZEL  OOGE OmEs Amis W mm
s DDE4 OO NN A0St 0OEK e m mm

8. Summarize posteriors: 95% Credible intervals

% Node statisties

T nods moan It} WCoror|  28% medlan 5% it nnpls
et 0 s ] 2] ams m mm
shpohtl  OME  DONR  UZeEd|  O0GE  OmEs | Ames |  m mm
s DDE4 OO O | 00| 0OEK | OMg m mm

tell us the same story

i Estimate Std. Error t value Pr(>|t]) |
| temperature  0.031069 0.054690 0.568 0.57629
| rainfall -0.007316 0.002897 -2.525 0.02011 * ‘

8. Summarize posteriors: Mean and Median

‘ : Node statistics

Inogs mean ] NCHmor  24% mactan 5% ot Bnpi

e 20 i i G 24 B m mm
spEE | Amew | omoz 1254 NEE | dmEm | ame mn o
skpe mperate | DTL o2 [LGTCr ) oz iy m mm

tell us the same story

Estimate Std. Error t value Pr(>|t|)
temperature  0.031069 0.054690 0.568 0.57629
rainfall -0.007316 0.002897 -2.525 0.02011 *

8. Summarize posteriors: click 'density* in Sample Monitor Tool pop-up window

slope.rainfall sample: 1000

slope.temperature sample: 1000

6.0
4.0
2.0
0.0C

8. Summarize posteriors: click 'quantiles* in Sample Monitor Tool pop-up window

slope.rainfall

1041 1250 1500 1750
iteration

slope.temperature

1041 1250 1500 1750
iteration

1,2,...7, and 8. Summarize posteriors: further options...

¢ Click *history’ to get trace plots and ‘autocor’ to
get autocorrelation diagnostics

eRun several chains with over-dispersed initial
values to use the Brooks-Gelman-Rubin statistic to
check convergence (should be close to 1).

e Click 'coda' to produce lists of data suitable for
external treatment via the Coda R package.




o We focus on the Cormack-Jolly-Seber model.
o We consider data relating to
population of White storks

breeding in Baden
Wiirttemberg (Germany).
o Interest lies in estimating
adult survival rates.
o Mark-recapture data from
1956-71 are available.

o The parameters are:

o probability ¢ that an individual survives to
occasion i+1 given that it is alive at time J/;

o probability p; that an individual is recaptured at
time j.

o CJS likelihood coded in WinBUGS

# Define the product-multinomial likelihood
# R[i] is the number of birds released in year i
# matrix q[,] contains the m-array cell probabilities

for (i in 1:ni) {
m[i,1:(nj+1)] ~ dmulti(q[i,],R[])
}

o Cell probabilities coded in a complex way...

o Data: m-array

Year Year of first recapture (19-)

of Number
release  released 57
a9-)

o

8 59 60 61 62 63 64 65 66 67 68

56 26 9 2 0 0 0O O 0 0 0 0 0
57 S0 0333 0 0 0 0 00 0 00
58 53 0O 035 4 0 0 0 0 0 0 0 O
59 69 0O 0 0421 00 0 0 0 00
60 73 O 0 0 042 1 0 0 0 0 0 O

sz

o Conditioning on the releases and assuming
independence among cohorts, the likelihood is a
product of multinomial probability distributions
corresponding to each row of the m-array.

o The probability of the m-array cells are complex
nonlinear functions of the survival and detection
probabilities.

o For example:

Pr(mss|R3) = ¢3(1 — p4)daps

o Priors

# Define the priors for phi
# Time-dependent parameters
# Recall that Beta(1,1) is equivalent to U(0,1)

for (i in 1:ni) {
phi[i] ~ dbeta(1,1)
}

# Define priors for p
# Constant parameters
p ~ dbeta(1,1)

sz




Time-dependent survival probabilities

Posterior medians and 95% credible intervals

Survival probability

1960 1965 1970
Time [Year, Year + 1] % ey

Time-dependent survival probabilities
Rainfall at Kita station (Sahel)

08 09
I

07

Survival probability
06
I

05

Time [Year, Year + 1] % ey

Incorporating covariates
C

o Use the logistic link function:
logit(¢) = Bo + B1

o Minor modifications in the WinBUGS code
# Define the survival probability as a function of the covariate

# with random effects

for (i in 1:ni) {

logit(phili]) <- beta[1] + beta[2] * cov[i]

}

# prior for the regression parameters
for (j in 1:2){beta[j] ~ dnorm(0,1.0E-6)

Incorporating covariates: Results

Numerical summaries

mean sd 2.5% 25% 50% 75% 97.5%
beta[1] 0.680.07 0.54 063 068 073 0.82
beta[2] 0.370.09 0.20 030 036 042 0.55

Posterior distribution

T T T T T T T
01 02 03 04 05 08 0T fvcisan]

Incorporating covariates: Issues

o Use the logistic link function:

logit(¢) = Bo + B1
= +ve: survival estimates in [0,1]

= -ve 1: variation completely determined by
covariate

-ve 2: no missing values
-ve 3: linear or quadratic relationship

1. Variation completely determined by
covariate

-ve 4: variable selection? Ty—

o Incorporate random effects:

logit(¢;) = Bo + Biz; + ¢
Eq ~ N(O, 0'2)

o A random effects model has 62 as the
parameter to be estimated, with some
associated prior p(c2) ~ I'"1(0.01,0.01).

o They are imputed within the MCMC
algorithm and integrated out.
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1. Random effects in WinBUGS

Further issues

# Define the survival probability as a function of the covariate
# with random effects

for (i in 1:ni) {

logit(phili]) <- beta[1] + beta[2] * cov][i] + epsilon[i]

epsilon[i] ~ dnorm(0,taueps)

}

o 2. Missing values
o 3. Nonparametric modelling
o 4. Variable selection using Reversible Jump MCMC

See paper for details (including the code)
# prior for the precision
taueps ~ dgamma(0.01,0.01)

# prior for the regression parameters
for (j in 1:2){beta[j] ~ dnorm(0,1.0E-6)}

# monitor the variance (= 1/precision)
vareps <- 1/taueps

2. Missing values 2. Missing values: results

o In practice, we view the missing covariates as
random variables to which we can assign a
probability distribution.

o We considered 1 and 5 missing values.

o Little impact on survival probability estimates.

o We assume that the change in the covariate
between adjacent years is normally distributed with
the same mean and variance for all years:

zi ~ N(x;—1 + p,02)
p~ N(0,109)
02 ~1-1(0.01,0.01)

o But, significant change in the inference for the
regression coefficients.

o Most importantly, with 5 missing values, the 95%
credible interval contains 0 which brings the effect
of pluviometry on survival into doubt.

3. Nonparametric modelling

. R R K i Model selection using RIMCMC
o Positive relationship survival/rainfall

o Impact of climate variation
(rainfall) in the wintering area
on population dynamics (adult
survival rates).

o Amount of rainfall each year
from 10 weather stations
located around the Sahel
region.

o Identifying the given rainfall
locations that explain the adult
survival rates.

08

o7
!

Survival probability

T T T T T
45 40 05 00 05 10 15 20

‘Standardized rainfall

o More in the Bayesian short course & in the
Population Dynamics session —




4, White stork survival vs. rainfalls

o Survival vs. multiple covariates on a logit
scale:

logit(¢;) = o + B1z} + ... + G070 + ¢

o Which rainfalls explain survival variation?

o Method: what B’s are non-zero?

4. Results: posterior model prob.
Model Posterior model
st ili
0001000000 0.518 >
0000000000 X 0.0763
0001010000 \ 0.0474
0001100000 \ 0.0381
0001000001 \ 0.0309
1001000000 \0.0255
Pluviometry at Kita station
’ la fi
C’est la fin...

4, Model Selection

o In the classical framework, likelihood ratio tests
or information criterion (e.g. AIC) are often used.

o There is a “similar” Bayesian statistic — the DIC.

o This is programmed within WinBUGS: Jump adds-
on, http://www.winbugs-development.org.uk/rimcmc.html

o There are 10 possible covariates, hence a total of
210 possible models (1024!).

o Reversible Jump MCMC is another way of dealing
with the issue of model discrimination.

Conclusions

o Bayesian inference based on posterior distribution,
derived from prior x likelihood via Bayes theorem.

o Bayesian inference through Monte Carlo
integration: samples of posterior distribution
obtained from MCMC simulation.

o WinBUGS allows MCMC algorithms to be
implemented.

o Can be called from other programs (SAS, R,
MATLAB).

o Great potential in population dynamics studies:
= Random effects, spline smoothing, missing values, ...

= Further examples in our paper: Distance Sampling
and State-Space modelling

Bayesian session!! =

Beware of sunburn
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