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Bl 1. L O

Montgomery et al. (2006) 73-# 1 #&SEE 30 k34T dd, KAHLFTZ 3
A s . BEIT E B TCHLAR A 17 10 52 W6 G AT 25 1R 52 0

K455 Damage, X CHLIR AR 7 A& T30 4% 20
Type ®HLA S, A4: Type—O, A6: Type =1
Bombload "KHLAREIEMEE (A
Airexp ML N R KATEL ($U H)
TEAT LR R AR A

Damage; = By + B1Type; + BaBombload; + B3Airexp; + €;
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LA RFERL: Im

damage = c(0, 1, 0, 0, 0, 0, 1, 0, 0, 2, 1, 1, 1, 1, 2, 3,
1, 2,0, 1,1, 2,5, 1,1, 5, 5, 7)
type = c(0, 0, 0, 0, O, O, O, 0, O, 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 )
out_lm <- Ilm(damage ~ type + bombload + airexp)

V+ 4+ +V+V+V+YV
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BIRZER: Im

> summary (out_1m)

##

## Call:

## Im(formula = damage ~ type + bombload + airexp)

##

## Residuals:

## Min 1Q Median 3Q Max

## -2.08436 -0.86655 -0.03542 0.55377 2.72315

##

## Coefficients:

#i# 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*x' 0.01 'x' 0.05 '.' 0.1 ' ' 1
##

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

H#H# Miril+ainla R_—crnarad. N BE199 ““TAA-nie+ad R_—cmiiarad. Nn _AERQ
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P2 W Im

> opar <- par(no.readonly = TRUE); par(mfrow = c(2,2))
> plot(out_lm); par(opar)
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KRB ST 4 A ?

> hist(damage)

Histogram of damage

Frequency
10
1

damage
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[let: 22 sug Bl AR A

A
yi=zlB+ei(i=1,2,...,n)

i = E(yilz) = 2] B, e; ~ N(0,07)

A E y; NESR, IRMIEZS . EWTNER, TeeEEEZ%ME
YAHREY.
o [KAS &2 B AT
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[let: 22 sug Bl AR A

=

A
yi=zlB+ei(i=1,2,...,n)

i = E(yilz) = { B, & ~ N(0,0°)
KA v NS, M IES . EINTNIER, TeERE LMD
YAHREY.
o [KAS &2 B AT
» 0-1 A& (Binary)
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[let: 22 sug Bl AR A

=

A
yi=zlB+ei(i=1,2,...,n)

i = E(yilz) = { B, & ~ N(0,0°)
A&y AIELEA, RNIESS M. W TER, TeEEEEM MR
YAIREY.
o [AIAZHE TR A
» 0-1 A& (Binary)
» JEFAZE (Ordinal)
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(EENBIVEY RS o= v

KA & Damage; ~ Poisson()\;) (i =1,2,...,n = 30), HoAAgIE R
JE o FATEERFL Damage E’Ji’ﬂﬁﬁﬂﬁxﬁﬁhﬂiﬁﬁ AP
{HAAMA D A FIME L AUR T 0, ZRPERAY

Ai = Bo + B1Type; + BaBombload; + B3 Airexp;

ELX]‘% SSHOTREN T Bl W] et i n; = log(Ny) (FRONIERE
BRED, ARSI (7 SRR ).

log(\;) = Bo + B1Type; + PaBombload; + B3 Airexp;
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J R A AR ) g S

W y1,v2, ..., yn NRBIEEBIMRMSIAEA, AR H I

B E(yile) = pi SRR EZNPEMERR.

I~ X &M EYIFEEY (Generalized Linear Models, GLM) :

5341 (Distribution) RAFE: y 4040, B AEBS iR, WIESH A,
XPHOER AT, RN AT, IR, MMEsrAn, LA

S
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J7 A [R] FARAY ) E S

WA E y1,yo, ..., yn NKRBIREBMRRMSIAEA, JRATER D H Y

B E(yile) = pi SRR EZNPEMERR.

I~ X &M EYIFEEY (Generalized Linear Models, GLM) :

5341 (Distribution) RAFE: y 4040, B AEBS iR, WIESH A,
XSBOER A, WA, I, AN A, LA
AR

HEFERR AL (Link function) PRIAZEIHEEMA (u) MEREL: n=g(u)
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J7 A [R] FARAY ) E S

WA E y1,yo, ..., yn NKRBIREBMRRMSIAEA, JRATER D H Y

B E(yile) = pi SRR EZNPEMERR.

I~ X &M EYIFEEY (Generalized Linear Models, GLM) :

5341 (Distribution) RAFE: y 4040, B AEBS iR, WIESH A,
XSBOER A, WA, I, AN A, LA
FAITE

HEEREL (Link function) IR EHAEEME (n) MIBREL: 7 = g(u)

LTI EA T~ (Linear predictor) X n 7 2R PERRTY

77:/80+/81$1+"'+6p$p
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J7 A [R] FARAY ) E S

WA E y1,yo, ..., yn NKRBIREBMRRMSIAEA, JRATER D H Y

B E(yile) = pi SRR EZNPEMERR.

I~ X &M EYIFEEY (Generalized Linear Models, GLM) :

5341 (Distribution) RAFE: y 4040, B AEBS iR, WIESH A,
XSBOER A, WA, I, AN A, LA
FAITE

HEEREL (Link function) IR EHAEEME (n) MIBREL: 7 = g(u)

LTI EA T~ (Linear predictor) X n 7 2R PERRTY

77:/80+/81$1+"'+6p$p

B HZ40 (Dispersion parameter,¢) i A BEHIEEN — N8, HAL
=y M ERRIN ¢ 5HME 1 WRERN

D(y) = ¢h(n)
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wH GLM

Al n =9 p=g"n)
Poisson log 1 exp(n)
Normal U n
Gamma T 1
Negative binomial log(1 — ) 1 —exp(n)
Binomial logit log (ﬁ) 1?;1;{(;)77()”)
Binomial probit O 1(p) o (n)

Complementary log-log log(—log(l — p)) 1 — exp(—exp(n))
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GLM #5f5l: 1EAS Ltk [l 3R 1Y

@ /3-Aii (Distribution): y ~ N(u,0?)
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GLM #5f5l: 1EAS Ltk [l 3R 1Y

@ /3-Aii (Distribution): y ~ N(u,0?)
Q EHRAL (Link function): n=pu
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GLM #5f5l: 1EAS Ltk [l 3R 1Y

@ /3-Aii (Distribution): y ~ N(u,0?)
Q EHRAL (Link function): n=pu
Q ZRMETMIAF (Linear predictor): n = X103
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GLM #5f5l: 1EAS Ltk [l 3R 1Y

43Aii (Distribution): y ~ N(u, 0?)

HEHREL (Link function): n = p

LRPE MK ¥ (Linear predictor): = X713

Q ZHIZ4L (Dispersion parameter,d): ¢ = o2 h(u) =1

© 00
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R B%:gim()

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

family (object, ...):

binomial (link = "logit")

gaussian(link = "identity")

Gamma (link = "inverse'

inverse.gaussian(link = "1/mu"2")

poisson(link = "log")

quasi(link = "identity", variance = "constant')

quasibinomial (link = "logit")

quasipoisson(link = "log")
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Outline
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Logit Al Probit &7
e R B R B0 A 1 PEAME,

E(ylr) =0 x P(y =0|z) + 1 x P(y =1]z) = Py =1]z) =p

O ZMHEZRIER! (Linear Probabilty Model, LPM):

Py =1|z) = Bo + a1 + -+ + Bpyp
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Logit Al Probit &7
e R B R B0 A 1 PEAME,

E(ylr) =0 x P(y =0|z) + 1 x P(y =1]z) = Py =1]z) =p

O ZMHEZRIER! (Linear Probabilty Model, LPM):
Py =1|z) = Bo + a1 + -+ + Bpyp
Q Logit =& (1Y Logistic [A]JH#EA).

logit(p) = log(lp%p) = Po+ Pz + -+ Bpxp
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Logit Al Probit &7
e R B R B0 A 1 PEAME,

E(ylr) =0 x P(y =0|z) + 1 x P(y =1]z) = Py =1]z) =p

O ZMHEZRIER! (Linear Probabilty Model, LPM):
P(y = 1) = Bo + froe1 + - + Bpap
Q Logit #RE! (Y Logistic [A[JH15AY).
logit(p) = log(lp%p) = Bo+ Brz1+ -+ Bpxp

glm: family=bionomial(link=logit)
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Logit Al Probit &7
e R B R B0 A 1 PEAME,

E(ylr) =0 x P(y =0|z) + 1 x P(y =1]z) = Py =1]z) =p

O ZMHEZRIER! (Linear Probabilty Model, LPM):
Py =1|z) = Bo + a1 + -+ + Bpyp
Q Logit =& (1Y Logistic [A]JH#EA).

logit(p) = log(lp%p) = Po+ Pz + -+ Bpxp

glm: family=bionomial(link=logit)
© Probit #&E3!;
cb_l(p) =po+fiz1+ -+ Bpwp
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Logit Al Probit &7
e R B R B0 A 1 PEAME,

E(ylz) =0x P(y =0]z) + 1 x P(y =1|z) = P(y = 1|]z) =p

O ZMHEZRIER! (Linear Probabilty Model, LPM):
P(y = 1|z) = fo+ Bz + -+ Bpzp

Q Logit =& (1Y Logistic [A]JH#EA).
logit(p) = log(lp%p) = Po+ Pz + -+ Bpxp
glm: family=bionomial(link=logit)
© Probit 1=3!:
cb_l(p) =po+fiz1+ -+ Bpwp
glm: family=bionomial(link=probit)
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Bl 2: “HhblE” TR K

1986 4 1 H 28 H, % BEiAMH BB RO L= TR s, FEEEN
KI5 (NASA) IEHER RS “BhlkE” SR WHl. fEEEFI 6.4 ARIIE
a BT 1000 ZLMAR, HAH 19 LR E, M1 Z RWE TR
KHLURII, SORSRYGEMATT L Z FIZ T Christa McAuliffe. McAuliffe 2875
A IR ERERME T 20, SERBTE TR A 11000 £ 44 U o OBk
R, THRIE AR R 2 4 E N AR YRR A RS M RAT IR R,
SEEATA T DUEE B2 bR . M TATE BIUR CHLEGE AT B I T
HRE A IR, PN SR, X SR, MR WL 73 B,
—ANMFERARSE, Pl 7 ZFER e,

RGP IX —F WA RT RS, BIEL ANV O BUEIF (O-ring)
RIKFTEL Lﬁﬁﬂu%ﬁwl%kmﬁﬁﬁm%AﬁFﬂﬁZEJ%ﬂmﬂ
IREAR ISR SR T AR GE TR IR RE . O TR SRR R, KRR
TR 2 M SRR R A2 31 vAVE, EARSTET 4 AN Rockwell F A2 i
HEARELR RS, BB TRECHIMEE T 5 &, 1 HE NG ZT McAuliffe
TE ML, AOMERIGE, FrLlRREGIEEBEM, RASEBREL.

Wang Shujia (Shenzhen University) Bayesian Statistics 17/75



LAE/

Y =1 FREDH A O-FFMMAR, B Y, =0 (5 4 kK

Wang Shujia

3 722 EEH 2 R IIRE WA oFRER.

BERS<| RETAHe| RE(Temp, F)o | OFfly)e| “E(Press):
1e 04/12/81« 660 0o 50+
2+ 11/12/81¢ 70< 1e 50«
3¢ 03/22/82+ 69+ 0« 50«
40 06/27/82+ 80~ *p *p
50 11/11/82¢ 680 0o 50
6o 04/04/83+ 670 0o 50
7e 06/18/83« 724 0 50<
-2 08/30/83+ 73« 0+ 100+
9o 11/28/83+ 700 0 100+
10¢ 02/03/84+ 574 1o 200+
11e 04/06/84+ 63+ 1o 200+
12« 08/30/84« 70 1e 200+

13¢ 10/05/84¢ 78¢ 0« 200+
140 11/08/84+< 67+ 0 200+
15¢ 01/24/85+ 53¢ 1o 200+
16« 04/12/85+ 674 0 200+
17« 04/29/85« 75 0o 200¢
18« 06/17/85+ 70< 0+ 200+
19+ 07/29/85+ 81« 0« 200+
20¢ 08/27/85+ 764 0 200+
21¢ 10/03/85¢ 794 0 200+
22¢ 10/30/85¢ 754 10 200+
23¢ 11/26/85¢ 76+< 0+ 200+
24+ 01/12/86+ 58+ 1o 200+
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Logistic [F] 57

HE): WT5E O PRORRAMEZR 5 R SRR B 2 18] ) 58 &

8. Y; ~ Bernoulli(p;), XK AEITH, BB A O-FFEMHk
RINEZE (pi) 5 RS BT A K

R R AL (Link function): logit BR%L

n; = logit(p;) = log(

L PEFUN R - (Linear predictor): n = By + 1T
B #Z%1 (Dispersion parameter,¢): ¢ = 1
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Y =1 i%/j—‘_\‘ “Eiljj”’ Y =0 %%{T “%M”,
Q ¥ (odds): odds = p/q Fox “HI” FIBERE “RMC” LRI
#

Wang Shujia (Shenzhen University) Bayesian Statistics 22 /75



R ZHE X

Y — 1 i%/j—‘_\‘ “EEIjJ”’ Y — 0 %%ﬂ—‘—\‘ {{%M”,
Q@ L% (odds): odds = p/q FXox “HI)” KMk “ R FELRIL
#
O logit ZHe: RAMIXTEL, logit(p) = log(p/q)
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R ZHE X

V=1 i%/j—‘_\‘ “EEIjJ”’ Y =0 %%ﬂ—‘—\‘ {{%M”,
@ h# (odds): odds =p/q Ko~ “HIN” HIMEZRYE “R” LR
#
O logit ZHe: RAMIXTEL, logit(p) = log(p/q)
@ Logistic 7T#£: logit(p) = Bo + /1T,
ePo+/T
p= 1 + ebot+/T
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V=1 i%/j—‘_\‘ “EEIjJ”’ Y =0 %%ﬂ—‘—\‘ nyiy&»,
@ h# (odds): odds =p/q Ko~ “HIN” HIMEZRYE “R” LR
#
O logit ZHe: RAMIXTEL, logit(p) = log(p/q)
@ Logistic 7T#£: logit(p) = Bo + /1T,
ePo+/T
p= 1 + ebot+/T

Q ¥t (odds ratio, OR): HAF®E T Hihn 1 ML, XTI Z

tt.
B1 = log(odds|T + 1) — log(odds|T) = log(OR)
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R ZHE X

Y =130R8 “BI”, Y =0 Fx “RW,

Q ¥ (odds): odds = p/q Fox “HI” FIBERE “RMC” LRI
%

Q logit e MAMKEL, logit(p) = log(p/q)
@ Logistic 7T#£: logit(p) = Bo + /1T,
ePo+/T
p= 1 + ebot+/T

Q fL¥ L (odds ratio, OR): HAZE T Hjn 1 ANHAL, XFRAIPLS 2
tt.
B1 = log(odds|T + 1) — log(odds|T) = log(OR)

© FHAKEMBLIIKFR: 1= RBHIIXE, B: OR=eM
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iZH R {7t Logistic &

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

T<-data$T

oring.glm<-glm(y~T,binomial (link= ))
summary.glm(oring.glm)
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Logistic FR 445

Ccall:
glm(formula = y ~ T, family = binomial(link = "Togit"))

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]|)

CIntercept) 15.0429 7.3786 2.039 0.0415 *
-0.2322 0.1082 -2.145 0.0320 =
Signif. codes: 0 “#=*° 0.001 ***" 0.01 “*" 0.05 “."7 0.1 * " 1

(Dispersion parameter for binomial family taken to be 1)

Null deviance: 28.267 on 22 degrees of freedom
Residual deviance: 20.315 on 21 degrees of freedom
AIC: 24.315

Number of Fisher Scoring iterations: 5
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el

> times <- ¢(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
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Outline

@ ) MR (GLM)

o THEEE: WHAlRH
o FERIZE ST K WinBUGS 1155
o ik MCMC etk
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ELNEIVE

RAR B TR, VAR E AT
@ /74 (Distribution): y ~ Poisson(\)
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ELNEIVE

DRI AR B A T O, AR [l AR
@ /74 (Distribution): y ~ Poisson(\)
Q EHREL (Link function): n = log())
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ELNEIVE

RAR B TR, VAR E AT
@ /74 (Distribution): y ~ Poisson(\)
Q EHREL (Link function): n = log())
Q ZRMETMIAF (Linear predictor): = X1
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ELNEIVE

RAR B TR, VAR E AT
@ /34 (Distribution): y ~ Poisson()\)
Q EHREL (Link function): n = log())
Q LMETME-T (Linear predictor): n = XT3
Q = Hi=% (Dispersion parameter,¢): ¢ =1, h(\) = Xo
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ELNEIVE

RA B TR, VAR [

5347 (Distribution): y ~ Poisson()\)

HEHREL (Link function): n = log())

LRAETIM A ¥ (Linear predictor): n = X713

B2 (Dispersion parameter,d): ¢ =1, h(A\) = o

glm: family=poisson or
family=quasipoisson (fliTFAnifEiR AR fiE)

©000
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ELNEIVE

RA B TR, VAR [

5347 (Distribution): y ~ Poisson()\)

HEHREL (Link function): n = log())
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B2 (Dispersion parameter,d): ¢ =1, h(A\) = o

glm: family=poisson or
family=quasipoisson (fliTFAnifEiR AR fiE)

©000
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ELNEIVE

RAR B TR, VAR E AT
5347 (Distribution): y ~ Poisson()\)
HEHREL (Link function): n = log())
LRAETIM A ¥ (Linear predictor): n = X713
E#(Z4 (Dispersion parameter,¢): ¢ =1, h(\) = X.
glm: family=poisson or
family=quasipoisson (fliTFAnifEiR AR fiE)
TEAA [B] VA AT B8 A7 A2 P A ) 8«
O MR ¢ KT 1, R ERTMEME QAT 255 T E
B, ALY B (Overdispersion);

©000

Wang Shujia (Shenzhen University) Bayesian Statistics 28 /75



ELNEIVE

RAR B TR, VAR E AT
5347 (Distribution): y ~ Poisson()\)
HEHREL (Link function): n = log())
LRAETIM A ¥ (Linear predictor): n = X713
E#(Z4 (Dispersion parameter,¢): ¢ =1, h(\) = X.
glm: family=poisson or
family=quasipoisson (fliTFAnifEiR AR fiE)
TEAA [B] VA AT B8 A7 A2 P A ) 8«
O MR ¢ KT 1, R ERTMEME QAT 255 T E
1), FRAEEH B (Overdispersion);
Q WMAMAMEME Ny 0 KL HEIE K GBS\ AT 0 BEE), W
FRAZFEREBK (Zero-inflated) I 4.

©000
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TEAR ENARERL: glm

#i#
#it
#i#
#i#
#it
#i#
#i#
#it
#i#
#i#
#it
#i#
#i#
#i#
#i#
#i#
#i#

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

summary (out_glm)

Call:

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

Deviance Residuals:

Min 1Q Median

-1.6418 -1.0064 -0.0180

Coefficients:

Estimate Std.

(Intercept) -0.406023

type 0.568772
bombload 0.165425
airexp -0.013522

Signif. codes: 0O '¥¥x!'

(Nicnareinn naramatar

Wang Shujia  (Shenzhen University)

3Q

0.5581

0.877489
0.504372
0.067541
0.008281

0.001

Uk !

Avr _mNnAdiconn

Max
1.9094

Error z value Pr(>|z|)

-0.463 0.6436
1.128 0.2595
2.449 0.0143 «*

-1.633 0.1025

0.01 'x' 0.05 '.' 0.1 "'

Familwr +alran +a ha 1)

Bayesian Statistics

poisson)
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F A2 W 1

> opar <- par(no.readonly = TRUE); par(mfrow = c(2,2))
> plot(out_glm); par(opar)
Residuals vs Fitted Normal Q-Q
N A 16 5 16
° 250 % ~ 250, °
n o~ o Q
E] ° o, S ° ° g L0000
o 0
2 o+ ///"Av_&o\/o _§ ° o°°°°°°
& B £ ¥
F" 1° °o %004 *® o ° b=l ‘T' 00°°°°°°°
N 21° @ 021 °°
[ T T T T T T T T T T
-1.0 -05 00 0.5 1.0 15 -2 -1 0 1 2
Predicted values Theoretical Quantiles
Scale-Location Residuals vs Leverage
b= 1 ° e 250 s © 016 T~__ Tl
2 3 ° ? Teell 25
L A 0o° ° o N R
© 4 00 © ° ® E
o
S 31 w g - ° o 300
R ° ° g o
- < | Q o a ©
5 © | 0 ° 5 o ®
[ & T 1 --- C8eks Uittance
S by T T T T T T T T T
-1.0 -05 00 0.5 1.0 15 0.0 0.1 0.2 0.3
Predicted values Leverage
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Outline

© VU SR [E] YA AR
o DIm-HryA¥A R 1H
o MiAMIE ST 2 WinBUGS 1&
@ i MCMC Ytk
@ IR ZRAET [y 25 B K S
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Bl 1. L O

Montgomery et al. (2006) 7 # 1 &4 30 4T dH, KL 3
HUEREHTE- € TR 1K K Fi s il A IS s

K455 Damage, BRI KHLIR MR B R B4 17 5k
Type KHLHS, Ad: Type =0, A6: Type =1
Bombload KU S EE (Fhr: i)
Airexp HLHN RS RITEL (BRA: HD
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S SLIEAA [B] Y5 DL g A

KA & Damage; ~ Poisson();) (i = 1,2,...,n = 30), % Damage ¥J{H
(R0 5 ST R AR Y

log(\;) = Bo + B1Type; + BaBombload; + (3 Airexp;
T B A3 oA

B; ~ dflat(),i=0,1,2,3
R 1 MF 3G B = log(NType = 1) — log(A[Type = 0) = log(A1/Ao)
A — o
Ao

i By, = e, fiffE: EHRERRRFAAFPFMET, Q&S k8N 14
AL, RARRREIMER I G 100(Br — 1)%.

x 100% = (e’ — 1) x 100%
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izl R2WinBUGS

O 5 ARSI (axt STHF

Q MERHIE Clist HELEH)

Q MERVIIRME Clist BELEHD

Q HESH

(5) EE R2WinBUGS, 1217 bugs(BE##E. ¥Itafl. S48, Bk
EX)

O A AR St 2
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WinBUGS #RAIARHY

modelq

# Poisson model likelihood

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

+beta[4] xairexp[i]

}

# prior

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

}
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A EHE (list 2549

craftdata<-list(
damage=c(0, i, 0, 0, 0, 0, 1, O, O, 2, 1, 1, 1,
1, 2,3, 1,1,1,2,0,1,1,2,5,1,1, 5,5, 7)),

type=c(0, 0, 0, 0, 0, 0, 0, O, O, 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)
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HER VIR AE TR € S 4

#Prepare initials
set.seed (1234)

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

}
#Specify parameters
parameters <- list( 5 )
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24T 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=
working.directory=

)
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BATER: &RER

> oprintCoutput,digit=3)
Inference for Bugs model at "F:\BaiduvumiTeachingwRdatahzchécraftmodel. txt",
each with 2000 iterations
n.sims = 3000 iterations sawed

3 chains,

betal[l]
betal2]
beta[3]
betal4]

mean sd 2.5%
18.717 45.844 -2.088
-0.414 2.057 -5.9B88

0.811 1.487 0.071
-0.477 1.108 —4.118

deviance 1009.021 2229.457 80,210

For each parameter ,

/

-0,
-0,

0.
-0,
1.

CIELY:

(first 1000 discarded)

25% 50%
027 -0.179
172 0.361
144 0.164
027 -0.016
B8O B3.700

n.eff is a crude measure of
and Rhat is the potential scale reduction factor (at convergence, rhat=1).

pIC info (using the rule, pb = Dbar-phat)
ph = 9.8 and DIC = 1078.8
DIC s an estimate of expected predictive error (ower deviance is hetter)

Q ZHflkit?
Q LEETEH?

Q MAMEIFIARESL?

Wang Shujia

(Shenzhen University)

7ok G7. 5%
0,781 165.805
0.759 1.397
0.280 5.569

-0.010 0. 001
87.000 B365.225

effective sample size,

Bayesian Statistics

1
1
1.
1
2

rhat n.eff

. 768
. 885
B840
-t
L 033

[ e . Y]

fit using winBuss,
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HAHI: autocorr.plot()

beta[1] heta[2]
= a
g7 5 °
E 7 = 7
= )
5 = £ o2
3 3
E 7]
o
T T T T T T T T T T T
0 5 10 15 o0 0 5 10 15 20
Lay Lag
heta[3] heta[d]
o o
c c T
S S
g o -
5o 5 2
3 3
Z il z 4
o] Ea
= T T T T T - T T T T T
0 5 10 15 0 0 s 10 15 0
Lag Lag
deviance heta[1]
o o
c c T
STHIE =
oo E o HHHHIIHM.
5 = 5 c
Z il 2 4
F . LI
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HAHZ%: autocorr.diag()

> autocarr.diageal

hetal[l]
Lag 0 1.0000000
Lag 1 0O.9898863
Lag 5 0.9503494
Lag 10 0,9008789
Lag 50 0.6097393

Wang Shujia (Shenzhen University)

oo

hetal[Z2]

L Q000000
LOFV0BV2E
LB758038
. FB51445
. 5306516

betal[3]

. 0000000
9845537
9268541
. 8369287
.B285145

Bayesian Statistics

oo

hetal4d]

L Q000000
LBBE5256
L2417 988
8908172
. 6236615

oo

deviance
L 0000000
L 9800317
L9257 937
. BE65H388
. D6E4 869

4275



HAHZ: acfplot()

I
deviance
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~ 000
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~ 015
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beta2]
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Traceplot
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Gelman Plot
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densityplot(A)

deviance
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RRAL il CORAF . txt 3D

modeld{
# Poisson model likelihood
for (i in 1:30){
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){
beta[j]l~dnorm( 0.0, 0.001 )
B[j]l <- exp( betalj] )
}
}
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24T 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\\"

)
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Gelman plot: /MT 1.10
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HAHI: autocorr.plot()
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HAHZ: acfplot()

Autocorrelation

Wang Shujia
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(Shenzhen University)
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Traceplot
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densityplot(A)
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iB17

2R

= print(output,digit=3)

Inference for Bugs model at "fF:\Baiduvun\Teaching‘Rrdata‘chécraftmodel_c.txt", fit using winBueGs,
3 chains, each with 20000 iterations (first 15000 discarded), n.thin = 5

n.sims = 9000 iterations saved

beta[1l]
betal[2]
beta[3]

beta[4] -

B[1]
B[2]
B[3]
B[4]

deviance 8

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).

mean
0.067
0.572
0.170
0.014
1.090
2.020
1.188
0.986
3.738

sd

0.197
0.512
0.068
0.008
0.
1
0
0
2

212

.103
. 081
. 008
. 874

-0

-0.
0.
-0.
Q.
Q.
1.
0.

&0

2.5%

L334
426
041
031
716
653
042
970
.140

pIc info (using the rule, pD
pD = 4.0 and DIC = B7.7

DIC is an estimate of expected predictive error (lower deviance is better).

Wang Shujia

(Shenzhen University)

8

ForrFRroooOoO

25%
060 0.
224 0.
123 0.
019 -0.
941 1.
251 1.
131 1.
981 0.
-620 83.

50%
073
572
168
014
075
183
986

pbar-phat)

75%
0.202
0.919
0.216
0.008
1.224
2.5086
1.241
0.992
5

97. 5%
0.430
1.575
0.306
0.003
1.537
4.832
1.358
1.003
0. 880

Bayesian Statistics

el el el

Rhat
001
001
001
001
o001
o001
001
001
001

n.eff
4300
9000
9000
9000
4300
9000
9000
9000
3400
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FEEE Im A glm B R BT

> coefficients(out_glm)

## (Intercept) type
## -0.40602269 0.56877242

> coefficients(out_1m)

## (Intercept) type
##  0.4308974  0.5407536

Wang Shujia  (Shenzhen University)

bombload airexp
0.16542540 -0.01352232

bombload airexp
0.3303238 -0.0228258
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AU

TERA BT R B X
Q B[2]=2.02: {ENLA AN B RATEIGFINE SR AR R 2640 T, A6 A
SN HOR Ad BRI H i s
© B[3]=1.188: {EHLALAN & KATERIANLA M R A4F T, A
L, KA EOE N 18.8%.
© B[4]=0.986: 7£ CHLELHE AL IEMFM4 T, HLAANR ITER
FEE N 14, KA EOR D> 1.4%.
Q 1B, M 95%Cl &, RH beta[3] 19 Cl A0 (BF), HE&
AL,
e iR H AR SRR T AR, &R R R E T R ?
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Outline

@ VUM L[] YA

o RIS & WinBUGS 45
o ik MCMC Wit
@ IR ZRAET [y 25 B K S
o MMM Logistic [BIH: {5 B.55:
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Logistic [A11H: D1 H-Hirpsi A4y

DU A .
Y; ~ Bernoulli(p;)

logit(p:) = Bo + A1 T
FI AT (A5 RED:
Bo ~ dflat(), f1 ~ dflat()
THHE: T =55 f1 T =75 i, O-FRRMHIMER, Az

ePo+BT
p= 1 + eBot+/T
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WinBUGS model

model {
mut<-mean (T [])
for(i in 1:n){
y[i]l~dbern(p[il)
logit(p[i])<-beta[1]l+beta[2]*(T[i]-mut)
}
Probil<-exp(beta[1]l+beta[2]*(55-mut))/(1+exp(beta[1]
+beta[2] *(55-mut)))
Prob2<-exp(beta[1]+beta[2] *(75-mut))/(1+exp(beta[1]
+beta[2] *(75-mut)))
for(j in 1:2){
beta[jl~dflat ()
13

Wang Shujia (Shenzhen University) Bayesian Statistics
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initial values & parameters

# Define inits

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

# List Parameters that will be monitored
parameters<-c( s y )

Wang Shujia (Shenzhen University) Bayesian Statistics 61/75



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=
bugs.directory= 5
working.directory=

)

Wang Shujia (Shenzhen University) Bayesian Statistics
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Density

Prob2
o -
©
< 4
o~ 4
o 4
1 I T T
0.0 0.2 0.4 0.6
deviance Prob1
[sp]
2z g ] ©
2 o *
8 31 ~ -
o | o 4
o T T T T T T T T T T
0.2 0.4 0.6 0.8 1.0
beta[2]
21 ©
< o~ -
o
N —_—
]
s ™ © - T T I I I T

-1.0 -08 -06 -04 -02 00

Wang Shujia  (Shenzhen University) Bayesian Statistics 65 /75



PR AL 45 %

> print({oringout,digit=3)

Inference for Bugs model at "F:\Baiduvyun\Teaching\Rdata\ch6oringmodel_c.txt",

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
beta[1] -1.263 0.636 -2.635 -1.644 -1.205 -0.834 -0.115 1.001 1800
beta[2] -0.289 0.128 -0.586 -0.362 -0.277 -0.196 -0.085 1.007 390
Probl 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).
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Outline

@ VUM L[] YA

o MiAMIE ST 2 WinBUGS 1&
@ i MCMC Ytk
@ IR ZRAET [y 25 B K S

o VUM Logistic [A]1H: 5515 BJc5
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AkRER

“PeiE” SRS, BRSFEEFRFNRSSE, HEEE KK, &
SHE R . 8 P A Py A IAE T =55 Al T = 75 BF O-FF 2R3 Mk
R, WL irybiReE, f

P(P, > 0.5) =2/3, P(P, <0.5) =2/3 (1)
Pa S 30 A5 B DU ik A

Y; ~ Bernoulli(p;)

logit(p;) = Bo + 51T

B8 A«

Q i P A Py, B8 Ai: Py ~ Beta(1,1.6), P, ~ Beta(1.6,1)

(GEZERE AL (1) [
Q it logit(Pl) = Po + 5501, lOgit(Pg) = Bo+ 75081 SRS
Bo = (75/20)logit(P1) + (—55/20)logit(F»)
B1 = (—1/20)logit(P1) + (1/20)logit(Ps)
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Model Codes

model {

for(i in 1:mn){

y[il~dbern(p[il)

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

}
Probl<-exp(beta[l]+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]<-(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<-1ist (P55=0.5,P75=0.5)

inits2.p<-1ist (P55=0.1,P75=0.9)
inits.p=1list(initsl.p,inits2.p)
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MCMC Trace
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ACF Autocorrelation
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Density
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Outputs

> print{oringout,digit=3)

Inference for Bugs model at "F:\BaiduYun\Teaching\Rdata\ch6oringmodel_p.txt",

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
betal[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 is an estimate of expected predictive error (lower deviance is better).
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