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OO0oooOo000 R

http://www.r-project.org/
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gboo:.ob0oboooooooooooobooooooo?

> post.memc[,"a"] # 000000000 COODOO
[1] -0.7592 -0.7689 -0.9008 -1.0160 -0.8439 -1.0380 -0.8561 -0.9837
[9] -0.8043 -0.8956 -0.9243 -0.9861 -0.7943 -0.8194 -0.9006 -0.9513
[17] -0.7565 -1.1120 -1.0430 -1.1730 -0.6926 -0.8742 -0.8228 -1.0440
acaoo)

000000000000000009%% 000
ggbbobuogoobobooogonon

\ \ \ T \ 1
-1.0 -05 0.0 0.5 1.0 1.5
N =1200 Bandwidth = 0.0838
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oooooobobooboo MecMcooooge?

oeLUuuuonoO

e JU: 000O0O0O0O0DLOODLDOODOO
e JI:000O0OOOODO MCMCOUOOODOODOODOOOOO
o

® ROOOOO package

e J0:000D0D0O0O0ODODODOODO package ODOO
e J0:0000OOOODO

® “BUGS” O “Gibbs sampler” OO O0O0O00O0O

e J0:0000O0O0O0O0OCOODOODOO
e JOU0DOOODOODOODOODODDOODO

e OO0 “Gibbs sampler” 00O 07
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000 “BUGS” 00O Gibbs sampler [0

e BUGSOU (+00000)00D0O0ODOO
goobooboooood

« WinBUGS —00O0DOOOOOOOOY
« OpenBUGS — O0OODOODOODOODO?
«JAGS — 000000 O0OOO OSOOOod

«Stan— 0000 “0D” 000
— 0000000000 ...

e [J[ [ : nttp://hosho.ees.hokudai.ac.jp/~kubo/ce/BayesianMcmc . html

goo... puGsooooogoz
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Softwares for MCMC sampling

“Gibbs sampling” 000000000000

goooboobo BuGSOOOoooooo

F—4 YI[i]
EFHBEDOIEDEFH
BuGS 0o ggnd
_IENT

dbin (q, 8) for (i in 1:N.sample) {
Y[i] ~ dbin(qg, 8)
2 A
IS RIS q ~ dunif(0.0, 1.0)

gbooobobobobooboobooboob
BUGSOO: OOOOOOOODOOOO

Spiegelhalter et al. 1995. BUGS: Bayesian Using Gibbs Sampling version 0.50.
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O00000D0000000 WinBUGS 1.4.3

OO00D0O00O0O0O00DOO0b0O0O0DDO Gibbs sampler
BUGS OOOODO

2004-09-13 0000 (DOODO0OOOO — OpenBUGS)
gbooobooboobbooboonboo

Windows 00000 0OOODOOOOOO

gboooobooboobbooboobbooboobobooon
ooooo «goooobo”booobog......
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Softwares for MCMC sampling “Gibbs sampling” 00000000000O0......

O0000 OSOO00O0 JAGS3.4.0

R core team 0O 0O O 0O Martyn Plummer OO0 0O OO
e Just Another Gibbs Sampler

e C++0OUIODODONO

e ROODOUOOODODOOODODOODO

Linux, Windows, Mac OS X OO0 O0O0OOO
oooooooooo

ROOOOO: library(rjags)

kubostat2015g (http://goo.gl/76c4i) 000000000 2015 (g) 2015-07-29 43 / 74


http://goo.gl/76c4i

Softwares for MCMC sampling “Gibbs sampling” 00000000000O0......

ROO JAGS ODOODOODOOOOOODOOO (1/ 3)

library(rjags)
library (R2WinBUGS) # to use write.model()

model.bugs <- function()
{

for (i in 1:N.data) {

Y[i] ~ dbin(q, 8 # ODODOOODOOODO

}

q ~ dunif(0.0, 1.0) # q UODOODOOODODOO
}
file.model <- "model.bug.txt"
write.model(model.bugs, file.model) # DO DO ODOO

# 0Oodog......
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ROO JAGS ODOOODODOOODOOODOOO (2/ 3)

load("data.RData")

list.data <- list(Y = data, N.data = length(data))
inits <- list(q = 0.5)

n.burnin <- 1000

n.chain <- 3

n.thin <- 1

n.iter <- n.thin * 1000

model <- jags.model(
file = file.model, data = list.data,
inits = inits, n.chain = n.chain

# 0Oogogoi......
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Softwares for MCMC sampling “Gibbs sampling” 00000000000O0......

ROO JAGSOODOOOOODOOOOOOO (3/3)

# burn-in

update(model, n.burnin) # burn in

# 000OD0O0OO0ODOO post.meme.list OOO
post.mcmc.list <- coda.samples(
model = model,
variable.names = names(inits),
n.iter = n.iter,
thin = n.thin
)
# OO0
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oboobooooooboodood

O [R=10190 MCMCOOOO cain3
I:l 7 chain 1
D I ' ‘\

7 \ \I\/\ Y A \
l:l -

l:l _

chain 3 ——
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Softwares for MCMC sampling “Gibbs sampling” 0000000O0O00O0OO......

0Ooo0O0O0 ROO

e gelman.diag(post.mcmc.list)

e R-hat [0 Gelman-Rubin OO0 O0O0OOOOO

5 var® (¢ly)

R=
O W1 1
o vart(yly) = = +-B

oW . OOOOOOO variance 00O O

B: 0000000 variance
Gelman et al. 2004. Bayesian Data Analysis. Chapman & Hall/CRC

(¢]

o

kubostat2015g (http://goo.gl/T6cai) 000000000 2015 (g) 2015-07-29 49 / 74


http://goo.gl/76c4i

Softwares for MCMC sampling “Gibbs sampling” 00000000000O0......

Gibbs sampling — 0000000

e plot(post.mcmc.list)

Trace of q Density of q
n
0
o
o
< |
o
L
o
o AP

I I I I I I I I I I I I I
1000 1400 1800 0.30 0.40 0.50 0.60
Iterations N =1000 Bandwidth = 0.0083¢
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GLMM OOODOOOOO

hierarchical Bayesian
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000 — 000 (overdispersion)
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0000 ¢=q(») 0000000000
q(z) =1/{1+exp(—2)} 00O

0.0 0“2 0‘.4 0‘,6 0“8 1.0

T T t T T T
-6 -4 -2 0 2 4 6

z

e UUOO z,=0a+mr, 000
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000000 r: 000000 (ODO)
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suppose {r;} follow the Gausssian distribution
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local parameter global parameter
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model

{
for (i in 1:N.data) {
Y[i] ~ dbin(qlil, 8)
logit(qlil) <- a + r[i] 4

7T—% BFEANSS
Y[il BEF

¥ N SHEAH Eno@EEE
a ~ dnorm(0, 1.0E-4) ek A< rli] <,
fOI‘ (1 in 1 : N . data) { EELEDEY a hyper tS {@{zk%o)
parameter g ~
r[i] ~ dnorm(0, tau) EISRER ST E pad 52X
} — A mERENS
(BERIDH)

tau <- 1 / (s * 8)
s 7 dunif (0, 1.0E+4)
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JAGS U0 0DO0DO0O00oOooonboonDO

> source("mcmc.list2bugs.R") # 0J0oboooooooo..
> post.bugs <- mcmc.list2bugs(post.mcmc.list) # bugs 00O OO0

3 chains, each with 4000 iterations (first 2000 discarded)

803/3 ﬁ]’ tggal Egr egch £} ain_1 R:I—@t2+ medians and 80% intervals

0.0

0.01-

ao
-0.0
-0.0

8 B UL
p~ NS ‘“H ! | p

12345678910 12 14 16 18 20 22 24 26 28 30 32 34 36 38 40
3.5

S3 4

g = 2.54

* array truhcated f3r la Qofgp;i]&s Z+
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80808 JAGS B0R00E
bugs OO OOOO post.bugsU 00O

e print(post.bugs, digits.summary = 3)

e J00ODOD %% O000000O0ODDODOOO

3 chains, each with 4000 iterations

n.sims = 3000 iterations saved

mean
a 0.020
s 3.015
r[1] -3.778
r[2] -1.147
r[3] 2.014
r[4] 3.765
r[5] -2.108
o)
r[99] 2.054
r[100] -3.828

sd
.321
.359
.713
.885
.074
.722
L1111

R B, Bk O P, OO

1.103
1.766

kubostat2015g (http://goo.gl/76c4i)

2.5Y%
.618
.406
.619
.997
.203
.998
.480

.184
.993

25%
-0.190
2.757
-4.763
-1.700
1.282
2.533
-2.775

1.270
-4.829

50%
0.028
2.990

-3.524
-1.118
1.923
3.558
-2.047

1.996
-3.544

(first

75%
0.236
3.235

-2.568
-0.531
2.648
4.840
-1.342

2.716
-2.588

000000000 2015 (g)

97.5%

.651
. 749
.062
.464
.410
.592
.164

.414
.082

=R R R R s e

Rhat
.007
.002
.001
.001
.001
.001
.001

.001
.002

2000 discarded), n.thin

n.eff
380
1200
3000
3000
3000
3000
2300

3000
1100
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Trace of a Density of a
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Trace of s Density of s
o 7 o ]
< o ]
o 7 o
N (<2 L T T T
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e post.mcmc <- to.mcmc(post.bugs)

e D matrix U0 OO0 DO0O0DOODODOO0ODOOODO

(U\J')_
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N @
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O — _-0
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o
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The development of linear models

parameter
estimation

Hierarchical Bayesian Model MCMC

\ﬁxy!semge/R:\_Generalized Linear Mixed
flexibte Model (GLMM) e
copDratn 4 /‘l\_Generalized Linear
such as individuality~~ Mode |l (GLM)

Always normal MSE
distribution?
That’s non-sense! Linear model
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e UUOOOOOOOODLDDOD
e OO bOOOOOoLbObDOOOOn

kubostat2015¢g (http://goo.gl/76c4i) 000000000 2015 (g) 2015-07-29 74 /) 74


http://goo.gl/76c4i

	MCMC サンプリングのための例題example
	logistic regression: binomial distribution

	同じような推定を MCMC でやってみる
	最尤推定と Markov chain Monte Carlo (MCMC) はちがう!

	Softwares for MCMC sampling
	``Gibbs sampling'' などが簡単にできるような……

	GLMM と階層ベイズモデル
	GLMM のベイズモデル化

	階層ベイズモデルの推定estimation
	ソフトウェア JAGS を使ってみる

	おわり
	統計モデルを理解してデータ解析をする


