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1 T XZ&MEYFRE (GLM)
1.1 GLM EAK&#A

Bl 1: CHIRGERE
Montgomery et al. (2006) 731 BRI 30 AT drd, WHLIT R BRI 8eE . B 9E H 1)
IR i RV EBSE Nt AR

EZEE Damage, &R CHLR MU A A I35 %L
Type KHUAS, Ad: Type =0, A6: Type =1
Bombload HIEEHEHESE (A W)
Airexp HLAANRE KITER (A D

F ST AR [ A R

Damage; = By + B1Type; + B2 Bombload; + B3 Airexp; + ¢;

SZMEARE: Im

damage = c(0, 1, 0, O,
iy Ay 4y B
type = c(0, 0, 0, 0, O,
1, 1, 1,1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1)
bombload = c(4, 4, 4, 5, 5, 5, 6, 6, 6, 7, 7, 7, 8, 8, 8,
7, 7, 7, 10, 10, 10, 12, 12, 12, 8, 8, 8, 14, 14, 14 )
airexp = c(91.5, 84, 76.5, 69, 61.5, 80, 72.5, 65, 57.5,
50, 103, 95.5, 88, 80.5, 73, 116.1, 100.6, 85, 69.4,
563.9, 112.3, 96.7, 81.1, 65.6, 50, 120, 104.4, 88.9,
73.7, 57.8 )
out_lm <- lm(damage ~ type + bombload + airexp)

0, 0
1, 2

VA4 ++V+V+EV+V

RALR: Im

> summary (out_1m)

##

## Call:

## 1m(formula = damage ~ type + bombload + airexp)
##

## Residuals:

## Min 1Q Median 3Q Max

## -2.08436 -0.86655 -0.03542 0.55377 2.72315

##

## Coefficients:

## Estimate Std. Error t value Pr(>|tl|)
## (Intercept) 0.43090 1.44788 0.298 0.7684
## type 0.54075 0.72795 0.743 0.4642
## bombload 0.33032 0.12042 2.743 0.0109 *



## airexp -0.02283 0.01337 -1.707 0.0997 .

## ——-

## Signif. codes: O 'x*x' 0.001 'x*' 0.01 'x' 0.05 '.' 0.1 ' ' 1
#it

## Residual standard error: 1.31 on 26 degrees of freedom

## Multiple R-squared: 0.5122,Adjusted R-squared: 0.4559

## F-statistic: 9.1 on 3 and 26 DF, p-value: 0.0002739

> opar <- par(no.readonly = TRUE); par(mfrow = c(2,2))
> plot(out_1lm); par(opar)
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Histogram of damage
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I % rskttmEyIHREY
L EitR
yi=x B+ei(i=1,2,...,n)
pi = E(yilz) = 2] B, &i ~ N(0,07)
KA g MIESER, RAIES . ETER, TREEZERIEMEYIHER.
o AR EH
— 0-1 &% (Binary)
— 7L & (Ordinal)
— AR (Count data)
o HARERAH AR
o RS HERREARLERR
o RETIA MMM IES A
AR EYIR B RE L
A 4F & Damage; ~ Poisson();) (i = 1,2,...,n = 30), HOoMuE ke, RATEEGT R

Damage [JH{E 1A 3 R AS B2 o
EREIARA 72 AT BB ATUR T 0, LRI

Xi = Bo + BiType; + BaBombload; + Bz Airexp;



B SR BT . BTGB s — log() CRRNMEBERED, AR B (1
NERPEREAL)
log(Ai) = Bo + B1Type; + PaBombload; + B3 Airexp;

T~ MM RYAREIAE X

WHAEE y1,y2, ..., yn AKRETEE D AMREIMSIFEAR, A TERS HIME E(yi|x) = p SR
AR TR R

I~ M &M EYFHRE! (Generalized Linear Models, GLM) :

4% (Distribution) FAE y K16, EE NIERS IR, WIESSA, SEIES/S A, sy
A, I, Mo, LA A

EIERH (Link function) FAAEMEME (u) MEE: n=g(p)
ZMFMEF (Linear predictor) X} n 572k M5

77:50+51x1+"'+6pxp

E#S# (Dispersion parameter,¢>) R MEHAEEN— NS5, WL E g NTERRA ¢
S5IME iR E iR

D(y) = ¢h(n)

A GLM
o3 A n=g(n) p=g""n)
Poisson log exp(n)
Normal 1 n
Gamma —pt —n!
Negative binomial log(1 — p) 1 —exp(n)
Binomial logit log ( ﬁ) 1?;’(5)??&)
Binomial probit O 1(p) d(n)

Complementary log-log  log(—log(1 — u)) 1 — exp(—exp(n))

GLM 45f: EZAZMEYIIER
1. 434 (Distribution): y ~ N(u,o?)
2. EHRH (Link function): n = p
3. LEMETIA T (Linear predictor): n = X783
4. BHB ¥ (Dispersion parameter,¢): ¢ = o2, h(p) = 1



R & #:glm()

glm(formula, family = gaussian, data, weights, subset,
na.action, ...)
family (object, ...):

binomial (link
gaussian(link
Gamma (link = )

inverse.gaussian(link = / )

poisson(link = )

quasi(link = , variance = )
quasibinomial (1ink = )

quasipoisson(link = )

1.2 Binary FZEE: Logit f Probit &1

Logit #1 Probit #&#Y
iz AR HEC 0 A1 BAME, T

E(ylz) =0x P(y =0|z) + 1 x P(y =1|z) = P(y = l|z) = p
1. ZM#ERIEA (Linear Probabilty Model, LPM):
Py =1]x) = o + frz1 + - + Bpzp
2. Logit &8 (#11Y Logistic [B]J915AY).

logit(p) = l08(72—) = fo + frs + - + iy

glm: family=bionomial(link=logit)

3. Probit 183,
Q@il(p):: 50'+’ﬂlx1'+""+’6pxp

glm: family=bionomial (link=probit)

5 2: “HREE” SKTNE

1986 4 1 A 28 H, HZ BAMMHBEFRF O EFTRT s, EEMSHAF (NASA) EHES K
“HRERE” SR CHL. EEAFNY 6.4 ARMES L, TET 1000 ZaMA, Hbf 19 ZHFENRE,
FATTRE 2 R ME LR CHUR ST, XU RWIEAA1 0B 2 ) Christa McAuliffe. McAuliffe #2381 F A1 /R M
FERHMER SR, EEBEHARSE M 11000 2 2 200 .ok ok, T RILEE R 2 4 E
APHZPIT A RR S RATIRRE R, S EATE T LUR I & i . 4% 7018 BIR WHLEE A1 2
JFTEAS OIS T, BREh A8 SRR, SORREEL. SR, MR KHULTFZ 73 B, — MW RAEEE, Bl
F 7 BFMURA A .

RIEHERX —HHA RS R AR, BERE VI O B (O-ring) RATE XANEIFLT
A O ] s T 4 TR 245 P PRI 2 B 0, SR R A IR AP U R 1 AN B RHBE T B RRL . O R MR &
FEARIR T RAG RATR 2GR AR ST /2 31 15U, fERN T4 A I Rockwell i TR & A 2AE
RIS, BRI T AN CHAEE T 5 K, M HE VA LU McAuliffe 78 €M L, AARFHIIRE, BrLAREES]
A EY, REIFBBRIKE.
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Logistic [@)31&E#Y

Hi: B O I RMMERE S R SR Z MR R

B Y; ~ Bernoulli(p;), FEARISALEITH, EAH A O-FMIFIKIIME (p) SR
HIMREEA K.

HEHREL (Link function): logit ER%L

1; = logit(p;) = log(

e VETII A F (Linear predictor): n = By + /1T
E 240 (Dispersion parameter,¢): ¢ = 1

BRESHE N

Y =1FR “WI”, Y =0FKxR KK,

L. L% (odds): odds = p/q Fo “HI” KRS KRG MELRLH
. logit 28 H#e: RIAKINEL, logit(p) = log(p/q)
. Logistic 77#%: logit(p) = By + 51 T,

w N

ePo+pT
p= 1+ ebot+AT

. fE#E (odds ratio, ORD: HAZE T Hihn 1 ANFRAL, xR Z L.
B1 = log(odds|T + 1) — log(odds|T) = log(OR)

- BARBERBLRR: b= WA, B OR =M

=~

Ut



EA R {41t Logistic {28!
data<-1list(T=c(53,57,58,63,66,67,67,67,68,69,70,70,70,
70,72,73,75,75,76,76,78,79,81),

y= c¢(,1,1,1,0,0,0,0,0,0,0,0,1,1,0,0,0,1,0,0,0,0,0),n=23)
y<-data$y

T<-data$T

oring.glm<-glm(y~T,binomial (link= ))
summary.glm(oring.glm)

Logistic {REIZ5R

Ccall:
glm(formula = v ~ T, family = binomial(link = "logit"))

Deviance Residuals:
Min 10 Median 30 Max
-1.0611 -0.7613 -0.3783 0.4524 2.2175

Coefficients:
Estimate Std. Error z value Pr(>|z|)
(Intercept) 15.0429 7.3786 2.039 0.0415 *
T -0.2322 0.1082 -2.145 0.0320 *
signif. codes: O “**=° 0.001 “*=" 0.01 **" 0.05 “." 0.1 " " 1

(Dispersion parameter for binomial family taken to be 1)

NMull deviance: 28.267 on 22 degrees of freedom
Residual deviance: 20.315 on 21 degrees of freedom
ATC: 24.315

Mumber of Fisher Scoring iterations: 5

Logistic & Hhzk
Mz O R ZRMIRE T I iilE th 4k
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T
> times <- c¢(31,55,75)
>p <= 1/(1 + exp(-1 * (oring.glm$coeff[1] +
oring.glm$coeff [2] * times)))
> P
[1] 0.99960878 0.90669655 0.08554356
1.3 IR AREYI

JARR[EYT
IR R T Ht e, AR [E A R

1. 4347 (Distribution): y ~ Poisson(\)

2. HHEL (Link function): 1 = log()\)

3. METMAF (Linear predictor): n = X3

4. BHEEZ4 (Dispersion parameter,¢): ¢ =1, h(\) = Xo

glm: family=poisson or
family=quasipoisson (flit1FrifiREfafE)

10




TELRA [BT VAT BEAEAE P i)
LR ¢ KF 1, RWTERTIEME GEfa A 107 255 T WD, FONEEH 8 (Overdis-

persion);
2. WRFEAMLEE N 0 MLEE R GRISIAR AT 0 IR, WHCAFBRK (Zero-inflated)
MR

JARAEYIEE: glm

> out_glm <- glm(damage~type+bombload+airexp,family=poisson)
> summary (out_glm)

##

## Call:

## glm(formula = damage ~ type + bombload + airexp, family = poisson)
##

## Deviance Residuals:

## Min 1Q Median 3Q Max

## -1.6418 -1.0064 -0.0180 0.5581 1.9094

##

## Coefficients:

## Estimate Std. Error z value Pr(>|zl)

## (Intercept) -0.406023 0.877489 -0.463 0.6436

## type 0.568772  0.504372 1.128  0.2595

## bombload 0.165425  0.067541 2.449 0.0143 *

## airexp -0.013522 0.008281 -1.633 0.1025

## -—-

## Signif. codes: O '#¥x' 0.001 'xx' 0.01 'x' 0.05 '.' 0.1 ' ' 1
##

## (Dispersion parameter for poisson family taken to be 1)

##

## Null deviance: 53.883 on 29 degrees of freedom

## Residual deviance: 25.953 on 26 degrees of freedom
## AIC: 87.649

##

## Number of Fisher Scoring iterations: 5

REV B[]

> opar <- par(no.readonly = TRUE); par(mfrow = c(2,2))
> plot(out_glm); par (opar)

11



Residuals vs Fitted Normal Q-Q
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2 DIRHERT X 2 M EYFHRHY
2.1 DIMtER;E#AEY3
2.1.1 #HBEIR WinBUGS 8

5 1: ARG EEE
Montgomery et al. (2006) 74T T #ERET 30 RS FT . WHLATZ B0 50, wHoE kil
10 5 5 e DR 2%

E 2 Damage, B CHLIR MR A R I35
Type KHLAS, A4: Type =0, A6: Type =1
Bombload KHlAHEEHEE (AL W)
Airexp ML GUE RITEL (B4 AD

AR EYA M ETR R
KA/ Damage; ~ Poisson()\;) (i = 1,2,...,n = 30), X Damage IJ{E X H 37 28 P AR .

log(\;) = Bo + B1Type; + B2 Bombload; + B3 Airexp;
A5 B Aes o i :

Bi ~ dflat(),1=10,1,2,3

12



FH By HE e By = log(AN|Type = 1) — log(A|Type = 0) = log(A1/Xo)

@ x 100% = (e’* — 1) x 100%
0

e By, = e, iR ERTRRRFFAHRINAAT, A& kM1 AR, EARSERIERY
o GEb) 100(By — 1)%-

iZA R2WinBUGS
1. 5 HBRRED SO (txt SO
2. WEREIE (list AR
3. HERAIGAE (list BAREEHD
fRESH
WH R2WinBUGS, 21T bugs(B4E%#E. ¥ItaE . S8, SAREES)
A R R S 4 i

A A o

WinBUGS &8It 15

model{

# Poisson model likelihood

for (i in 1:30){
damage[i] ~ dpois( lambdal[i] )
log(lambda[i])<-beta[1]+beta[2] *type[i]+beta[3] *bombload[i]

+beta[4] *airexpl[il

}

# prior

for (j in 1:4){
betal[j]l~dnorm( 0.0, 0.001 )
B[j] <- exp( betaljl )
}

}

EEHE (list £519)

craftdata<-1list(
damage=c(0, 1, 0, 0, O, 0, 1, 0, O, 2, 1, 1, 1,

type=c(0, 0, 0, 0, 0, 0, 0, 0, 0, O, O, O, O, O, O, 1, 1, 1, 1,
1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1),

bombload = c(4, 4, 4, 5, 5, 5, 6, 6, 6, 7, 7, 7, 8, 8, 8, 7, 7,
7, 10, 10, 10, 12, 12, 12, 8, 8, 8, 14, 14, 14),

airexp = c(91.5, 84, 76.5, 69, 61.5, 80, 72.5, 65, 57.5, 50,
103,95.5, 88, 80.5, 73, 116.1, 100.6, 85, 69.4, 53.9,

112.3,96.7, 81.1, 65.6, 50, 120, 104.4, 88.9, 73.7, 57.8)
)

13



EZVIREFIEESH

#Prepare initials
set.seed (1234)

inits <- function(){
list(beta=rnorm(4,0,5))

}
#Specify parameters
parameters <- list( g )

E{T R2WinBUGS

output<-bugs (
craftdata,
inits,
parameters,
n.chains=3,
n.iter=2000,
n.burnin=1000,
n.thin=1,
debug=FALSE,
codaPkg=FALSE,
model.file=
bugs.directory= s
working.directory=

)

BITHR: EREBUE?
> printoutput,digit=3)
Inference for Bugs model at "F:uwBaiduvunsTeachingwRdatanchecraftmodel.txt™, it using winBuss,
3 chains, each with 2000 iterations (first 1000 discarded)
n.sims = 2000 terations sawved

mean =d 2.5% 25% S0% 75 97.5% Rhat n.eff
hetal[l] 18.717 45,844 -2.08% -0.527 -0.17% 0.78L 16%.805 1.768 7
hetalz] -0.414 2,057 5,988 -0.172 0.381 (0.75% 1.367 1.885 a
hetal3] 0.811 1.487 0.071 0.144 0.1% 0,280 5,569 1.840 5]
hetal4] -0.477 1.108 —4.118 -0.027 -0.016 -0.010 0.001 1,764 7
deviance 1009.021 2220.407 80.210 81.880 83.790 B7.000 8363.225 2.033 5

For each parameter, n.eff is a crude measure of effective sample size,
and rhat is the potential scale reduction factor (at convergence, Rhat=1).

pIc info (using the rule, pD = Dbar-Dhat)
pD = 63.8 and DIC = 1078.8
DIC s an estimate of expected predictive error (lower deviance s better).

1. 552
2. WEAREE?

3. B S IR R ?

H#EX: autocorr.plot()

14
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2 = | L o | |||||II|\||
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f ] 5.
A3 T T T T T - T T T T T
a El 10 15 20 a El 10 15 20
Lag Lag

B#fH%: autocorr.diag()
> autocorr. diaglal

betal[l] betal2] beta[3] betal[4] deviance

Lag ©  1.0000000 1.0000000 1.0000000 1.0000000 1.0000000
Lag 1 0O.9898863 0.097F08728 0.9845537 0,9885256 0,9800317
Lag 3 0.93034594 0.58758036 0.9268341 0,.94119588 0,9257957
Lag 10 0.9008789 0.7851445 0.8569282 0.8006172 0, 8658388
Lag 50 0.60973595 0.6306516 0.6285145 0.62365813 0, 5654869

B#HX: acfplot()
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beta[1] beta[?]
D w R
= o1 — median o7 S — median
2 54 . --- 9T5% 2 4 T --- 9T5%
o1 g0
E o = el
£ 27 el £ 7 el
5 4 e 5 .
= T T T T T T T T T T
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beta[3] beta[d]
2 = By
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= - e = ] .,
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deviance
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2.1.2 it MCMC Wt
1RE i

1. BAEH Ol

2. HERHFE

3. MhBiRE

BB (R txt XD

model{
# Poisson model likelihood
for (i in 1:30){

18




damage[i] ~ dpois( lambdal[i] )
log(lambda[i])<-beta[1]+beta[2]*(type[i] -mean(type[]))
+ beta[3]* (bombload[i]-mean(bombload[]))
+ beta[4]*(airexp[i]-mean(airexp[]))
}
# prior
for (j in 1:4){
betal[j]l~dnorm( 0.0, 0.001 )
B[j] <- exp( betalj]l )
}
}

E{T R2WinBUGS

output<-bugs (
data,
inits,
parameters,
n.chains=3,
n.iter=30000,
n.burnin=15000,
n.thin=5,
debug=FALSE,
codaPkg=FALSE,
model.file="F:\\BaiduYun\\Teaching\\Rdata\\Ch6craftmodel _c.txt",
bugs.directory="D:\\WinBUGS\\",
working.directory="F:\\Simulation\\"
)

Gelman plot: /MF 1.10
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2.1.3 RERVPLERLER

BITER
> print({output,digit=3)
Inference for Bugs model at "F:\Baiduvun‘Teaching‘\Rdata‘chécraftmodel_c.txt"”, fit using winBuGs,
3 chains, each with 20000 Hterations (first 15000 discarded), n.thin =5
n.sims = 9000 iterations saved

mear sd 2.5% 25% 50% 75% 97.5% Rhat n.eff
betal[1] 0.067 0.197 -0.334 -0.000 0.073 0.202 0.430 1.001 4300
betal[2] 0.572 0.512 -0.426 0.224 0.572 0.919 1.575 1.001 9000
betal[3] 0.170 0.068 0.041 0.123 0.168 0.216 0.306 1.001 9000
beta[4] -0.014 0.008 -0.031 -0.019 -0.014 -0.008 0.003 1.001 9000
B[1] 1.090 0.212 0.716 0.941 1.075 1.224 1.537 1.001 4300
B[2] 2.020 1.103 0.853 1.251 1.77 2.506 4,832 1.001 9000
B[2] 1.188 0.081 1.042 1.131 1.183 1.241 1.358 1.001 9000
B[4] 0.9846 0.008 0.97 0.981 0.986 0.9%92 1.003 1.001 9000
deviance 83.738 2.874 B0.140 81.620 83.110 85.120 90.880 1.001 3400

For each parameter, n.eff is a crude measure of effective sample size,
and rRhat is the potential scale reduction factor (at convergence, Rhat=1).

DIC info (using the rule, pD = Dbar-phat)

pD = 4.0 and DIC = 87.7
DIC is an estimate of expected predictive error (lower deviance is better).
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LB Im F0 glm BORBUEIT

> coefficients(out_glm)

## (Intercept) type bombload airexp
## -0.40602269 0.56877242 0.16542540 -0.01352232

> coefficients(out_1m)

## (Intercept) type bombload airexp
## 0.4308974 0.5407536 0.3303238 -0.0228258

RERR
MEENETEER G ES'E
1. B[2]=2.02: FEHLALN G RATLIAEF R E AR M Z6AF T, A6 BERIENLK T B840 A4
R %5

2. B[3]=1.188: fEMLAN It KATEIANLM R &AM, HEMI 1M, WL F8 05
B0 18.8%.

3. B[4]=0.986: 7E CHLEEAHLMFEMZM T, PN ITERIAEM 1 4, WYL
HER> 1.4%.
4. B, M 95%CI E, R betal3] 1 CI AFE 0 (B3F), HEBEHALEE.

EIRRE: AR E AR BT RAELL, AR AR M R

2.2  DIMHF Logistic [E)3: K585

Logistic [EY3: DIMEES
DU SR
Y; ~ Bernoulli(p;)

logit(p;) = Bo + 1T

JelrorAn (TefE 8-
60 ~ dflat(), ﬂl ~ dflat()

WHE: T =55 T="75K, O-FRKRMHME, AR
€ﬁ0+BlT
p= 1+ ePotB1T
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WinBUGS model

model {
mut<-mean(T[])
for(i in 1:n){
y[il~dbern(p[il)
logit(p[il)<-beta[1]l+beta[2]*(T[i]-mut)
}
Probi<-exp(beta[1]+beta[2]*(65-mut))/ (1+exp(beta[1]
+beta[2] *(55-mut)))
Prob2<-exp(betal[1]l+beta[2]*(75-mut))/ (1+exp(beta[1]
+beta [2] *(75-mut)))
for(j in 1:2){
betal[jl~dflat ()
1>

initial values & parameters

# Define inits

inits1<-list(beta=c(0,0))
inits2<-list(beta=c(-1,1))
inits=list(initsl,inits?2)

# List Parameters that will be montitored
parameters<-c("beta","Probl","Prob2")

Call R2WinBUGS

library (R2WinBUGS)
oringout<-bugs(data,

inits,

parameters,

n.chains=2,

n.iter=40000,

n.burnin=30000,

n.thin=10,

debug=FALSE,

codaPkg=FALSE,
model.file="F:\\BaiduYun\\Teaching\\Rdata\\ch6oringmodel _c.txt",
bugs.directory="D:\\WinBUGS\\",
working.directory="F:\\Simulation\\"

)

BEWH M :ACF
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Prob2
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RBIGER

> print(oringout,digit=3)

Inference for Bugs model at "F:\BaiduYun‘\Teaching\Rdata\ch6oringmodel_c.txt", fit using WinBUGS,
2 chains, each with 40000 iterations (first 30000 discarded), n.thin = 10
n.sims = 2000 iterations saved

mean sd  2.5% 25% 50% 75% 97.5% Rhat n.eff

betal[1] -1.263 0.636 -2.635 -1.644 -1.205 -0.834 -0.115 1.001 1800
betal[2] -0.289 0.128 -0.586 -0.362 -0.277 -0.196 -0.085 1.007 390
Prob1l 0.889 0.131 0.507 0.844 0.939 0.982 0.999 1.007 750
Prob2 0.081 0.069 0.005 0.030 0.063 0.113 0.269 1.004 460
deviance 22.477 2.146 20.370 20.970 21.830 23.280 28.040 1.001 2000

For each parameter, n.eff is a crude measure of effective sample size,
and Rhat is the potential scale reduction factor (at convergence, Rhat=1).

DIC info (using the rule, pD = Dbar-Dhat)

pD = 1.9 and DIC = 24.4
DIC is an estimate of expected predictive error (lower deviance is better).

2.3 DIMtER Logistic [EY3: $5{EE5%LE
BEEER

“BeikE” SRETY, FREFRESFFENROSE, MERERME, REEXE. i P, M1 P,
HNHIAE T =55 f1 T =75 B O-MREAIMER, X—LR#iTvbHE, F

P(Py > 0.5) =2/3, P(P, <0.5)=2/3 (1)
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PG S B0 A5 B S DU AR Y
Y; ~ Bernoulli(p;)

logit(pi) = Bo + BT
SIS At :
1. & Py R0 Py 565604 Py ~ Beta(1,1.6), Py ~ Beta(1.6,1) GESHRIE AR (1) B
2. T logit(Py) = Bo + 5581, logit(P) = By + 7551, A :
Bo = (75/20)logit(P1) + (—55/20)logit(Pz)
B1 = (—1/20)logit(P;) + (1/20)logit(P,)

Model Codes

model {

for(i in 1:n){

y[il~dbern(p[il)

logit(pl[i])<-beta[1]+beta [2]*T[i]

}
Probil<-exp(beta[1]+beta[2]*55)/(1+exp(beta[1]+beta[2]*55))
Prob2<-exp(beta[1]+beta[2]*75)/ (1+exp(beta[1]+beta[2]*75))

P55~dbeta(1.6,1)

P75~dbeta(1,1.6)

beta[1]1<-(75/20)* logit (P55)+(-55/20)*1logit (P75)
beta[2]<-(-1/20)*1logit (P55)+(1/20)*1logit (P75)
}

#initial values for informative prior.
initsl.p<-1list (P55=0.5,P75=0.5)

inits2.p<-1list (P55=0.1,P75=0.9)
inits.p=list(initsl.p,inits2.p)

MCMC Trace
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Outputs

> print(oringout,digit=3)
Inference for Bugs model at "F:\BaiduYun\Teaching\Rdata‘ch6oringmodel_p.txt", fit using WinBUGS,
2 chains, each with 20000 iterations (first 10000 discarded), n.thin = 5
n.sims = 4000 iterations saved
mean sd 2.5% 25% 50% 75% 97.5% Rhat n.eff
beta[1] 10.700 4.663 2.110 7.533 10.445 13.590 20.880 1.001 4000
beta[2] -0.168 0.069 -0.319 -0.211 -0.165 -0.122 -0.041 1.001 4000
Probl 0.772 0.146 0.421 0.684 0.803 0.887 0.973 1.001 4000
Prob2 0.148 0.084 0.031 0.084 0.132 0.195 0.348 1.001 4000
deviance 22.210 1.820 20.360 20.920 21.670 22.940 27.080 1.003 3000

For each parameter, n.eff is a crude measure of effective sample size,
and Rhat is the potential scale reduction factor (at convergence, Rhat=1).

DIC info (using the rule, pD = Dbar-Dhat)
pD = 1.2 and DIC = 23.4
DIC 1is an estimate of expected predictive error (lower deviance is better).

o
W 31 55 75
12 4 W R AR 0.99960878 0.907 0.086
P R G RE) SSt D) 0.669 0.081
DAl (592 BARE): 0.772 0.148
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