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2. The same data, but applying Markov Chain
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00000 Markov chain Monte Carlo (MCMC) 0000 Softwares for MCMC sampling “Gibbs sampling” 000000000000......
(booooooag)
0oo ooooooo 00O ¢000bO ODOoboooboo
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| 3. Softwares for MCMC sampling
- “Gibbs sampling” 000000000000 ......
o T T T
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q 00000000000 O0O0O0D0O0OOO
« 000000 ¢g=0.4500000--- 0000000000
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Softwares for MCMC sampling “Gibbs sampling” 000000000000...... Softwares for MCMC sampling “Gibbs sampling” 000000000000......
00000000 R... is it enough? .
g The development of Llinear models
parameter
. . . estimation
http://www.r-project.org/ Hierarchical Bayesian Model MCMC
Be more/&Genera lized Linear Mixed
flexibl
e Model (GLMM)
MLE
Incoporating H H
e o4 Generalized Linear
such as individuality~= Mode |l (GLM)
Always normal MSE
distribution?
That’ s non-sense! Linear model
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000 GLMM OO ROOOODOOO 000000000000 MCMC OOOOO?
R oeLUIOOOOnO
. DEIISEIDDDD GLMM OOO0OO0OO0OO0O0OO0OOOO .00 . 000000OO00000000
""" «00:0000000000 MCMCOOOOOOO0O0O000000
e library(glmmML) 0 glmmML() og
e library(lme4) O lmer() o ROOODODO package
e library(nlme) 0 nlme() (0O O OO0O)
e 00:00000000000000 package 000
.000 O000D0ODOO0ODODO0 GLMMOOOOOOO .00: 00000000
O+000000000000000000 000 ® “BUGS” 0 “Gibbs sampler” 0000000
000 (D00o0ooooooooon) «00:000000000000000
00000 00O0DODODOOO00000O00OOODO ebDOOODDODDOODOOODOODOOO
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Softwares for MCMC sampling

“Gibbs sampling” 000000000000......

ooooo MCMC ODOOOoDOo

00000 MCMC

« Metropolis Method: 00 O00OOO0OOOOOOO
00 MCMC

e Metropolis-Hastings: 00000

o« Gibbs sampling: 000 O000O0OO00OOCOO
MCMC

e J00DD (DDDDDUOUOD)OCOOOOOODDODO an

efficient method for sampling of parameter values
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s MCMCOOOODODOOOODO
« J000C0O0OOOO MCMCODOOOOOOOO
o« 0: 000000 p 0 By O Gibbs sampling
® 5 00000000000
® 4, 00000000000000000000 8 O MCMC

sampling 000 (0000000 )
® 5/ 00000000000000000000 B, 0 MCMC
sampling 0 00 ( )

®2 -3 000000
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“Gibbs sampling” 000000000000......

000 “BUGS” 00O Gibbs sampler O [

e BUGS OO (+00000)D00O000D0ODODO
gooooooooono

« WinBUGS —OOOOOO..... ooooo?
- OpenBUGS —OOOOOOOOOO?Y
«JAGS —0O0O0O0ODODODODODOO OSOOOO

.Stan — O OOOOOO
-~ 0000000000

e [0 0 0O: nttp://hosho.ees.hokudai.ac.jp/~kubo/ce/BayesianMcmc . html

ooo..... BpuGsooooaor?

Softwares for MCMC sampling “Gibbs sampling” 000000000000 ...

00o0o000oO0oO0 BUGSOOOOooOooo

T—4 v[il]
BEFHBEDILDEFH
1
BUGS O OOOO
. ZIESH -
ST (e, 2 for (i in 1:N.sample) {

Y[i] ~ dbin(q, 8)

R ay L
WISHEFIOT 2 q ~ dunif(0.0, 1.0)

goooooooooboooo
BUGSOO: 000000

j000o0o0o0ool
100000t

Spiegelhalter et al. 1995. BUGS: Bayesian Using Gibbs Sampling version 0.50.
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Softwares for MCMC sampling

“Gibbs sampling” 000000000000 ...

00000 OoSOOo0O JAGS 4.3.0

e R core team 0000 Martyn Plummer 00000
e Just Another Gibbs Sampler
e C++I0O0DO0ODOOO
e ROODODDDODODODODODOOOODODO
e Linux, Windows, Mac OS X 000 O0OOO0O
goooo

ROOOODO: library(rjags)
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Softwares for MCMC sa “Gibbs sampling” 000000000000......

mpling

“0000” 00000

MCMC sampling from
posterior distributions

JAGS O RO

E VaXiats10))
SUS LT YT
=:=B
=eR Trace of beta[1] _Density of beta[1]
EFILORE ~ e
T L T DT T
/ &i 5 x — 9 — j N Trace of beta[2] 2 Density of beta[2]
DIEAE 5 -] S

T
500 1500 2500
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HYFUVG
DFFE
Input

3 4 5 6 7 8
N=3000 Bandwidih = 0.08514

Output
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ampling

ROO JAGSO0O0OO0O0O0O0O0D0D0O0000 (1/3)

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

model.bugs <- function()
{
for (i in 1:N.data) {
Y[i] " dbin(q, 8) # 000000000
}
q ~ dunif(0.0,
}
file.model <- "model.bug.txt"
write.model (model.bugs, file.model) # 000000

1.0) # q 0O00O0O0OOODOO

s for MCMC sa

Software

“Gibbs sampling” 000000000000......

mpling

ROO JAGS 0O0O0O000O0O0D0D0O0000 (2/3)

load("mcmc.RData") # (data.RData OO OO mcmc.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

# 000000 0......
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Softwares for MCMC sampling “Gibbs sampling” 000000000000......
burnin 0007 - 000000O0O0O0O0OO0OO
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MCMC step O
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s for MCMC sz

Software \mpling

“Gibbs sampling” 000000000000......

ROO JAGS 0O0O0O0O0O0O0O0D0D0O000 (3/3)

# burn-in
update(model, n.burnin) # burn in

# 000000000 post.memec.list OO0
post.mcmc.list <- coda.samples(

model = model,

variable.names = names(inits),

n.iter = n.iter,
thin = n.thin

)

# 0O0O0O
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0000000 000O0DooOoO
J| R=10190 MCMCOOOO cha:gg —
E’ T chain 1
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=
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EI T T T T
O | R=25200 MCMC ODOODO
O -
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SN Ak ) oooo!
T T T T T T
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MCMC step O
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v MCMC sampling

“Gibbs sampling” 000000000000......

00000 R(OOOO00) 00

— | [

e gelman.diag(post.mcmc.list)

e R-hat U Gelman-Rubin 000000000

. vart (1 |y)
R — A7
¢ W
o virt(Yly) = " lwot -B
n n

oW:DDDDDtID variance 00 0 O

o B:00O00ODOOO variance
o Gelman et al. 2004. Bayesian Data Analysis. Chapman & Hall/CRC
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GLMM 00000000

4. GLMM OODOOOODOO

GLMM OOOOO0OOO

hierarchical Bayesian

goooooooooo

2017-11-14

kubostat2017g (https

o.g1/29yCIY) 000000000 2017 (g)

45 / 68

GLMM [ jooooo GLMM 0DO0O00Oooo

individual difference

ooO — 000 (overdispersion)

gooooooo 000g000000r
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0000000 y;

e JJIOJOOOODDDDOOSDODODODOODOOOOO
e J00DDDOOO0DODDOOOOODODO:OOOOO
e 10D00OOODOOO overdispersion 0O 00O

e J00DDDODOOOODDODOOOODDOOOODO
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r MCMC sampling

“Gibbs sampling” 000000000000......

Gibbs sampling — 0000000

e plot(post.mcmc.list)
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GLMM 00000000
Binomial distribution can NOT explain the DATA!

ooooooooooooooooo!

woooooooOoosdidno 403 00000000000000O0O
gooooso0boboOoOOO

g,
&e .
© L]
ooooo *]
oooooo = o
o] . ° R L)
o

2 4 6 8
ooooo0oo v

ooooooooooooooooog?
(000000000000 100000000)

2017-11-14

kubostat2017g (https

000000000 2017 (g) 46 / 68

G BEE LG
0000000000 : Modeling of individual

difference

-.000b0obooboobO ooboobooboog
oono

000 N;OODO ¢ O0ODODODODOOODODDDOO

N‘ Yi N —;
p(yi | @) y-l q;f{f(l _ qi)N,, vi

g1

«.JO00ObboOoboon
-.bbbbouoboobbouobobnog gOobooon

2017-11-14

kubostat2017g (https://goo.gl/z9yCIY)

000000000 2017 (g) 48 / 68




kubostat2017g p.9
000000000 logisticOOOOOOODODO gooodd 00000 =00000000
number of parameters sample size
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. g = q(zi) 0000000 >00ooogo
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e f .100000000000000000000000
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GLMM 00000000 GLMM 00000000
suppose {r;} follow the Gausssian distribution overdispersion
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Grobal and local parameters in the model
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fixed effects
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choose proper priors: non-informative and hierarchical priors
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non-informative prior
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0000000O0O: Hierarchical and non-informative priors
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model
{
s 000O0D0OOO ESE'“%IOH for (i in 1:N.data) {
Lq o~ . . T—% BEFEANDSS
0 Y db , 8 7
[i] in(qli], 8) YIi] A
logit(q[i]) <- a + r[i] 7
b = 18
000000 JAGSODODOOO P ) HOREE
a ~ dnorm(0, 1.0E-4) 7ppesk Al r il <
A . E-ib i
for (i in 1:N.data) { SEELEOTTE) & o S EHED
. , [i] - a © ) paraneter |5 1 5
RO “0000”000JAGSOOO ri1 norm(0, tau RIBRFADH
} RIBRFADH
(BRI )
tau <- 1 / (s * s)
s ~ dunif (0, 1.0E+4)
}
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> source("mcme. list2bugs.R") # 0000000000...
> post.bugs <- mcmc.list2bugs(post.memc.list) # bugs 000000 e print (post,bugs, digits.summary = 3)
3 chains, each with 4000 terations (first 2000 discarded) s 00000 9% 000000000000
medians and 80% intervals
0.0: 3 chains, each with 4000 iterations (first 2000 discarded), n.thin = 2
g‘gl n.sims = 3000 iterations saved
-0.0: mean sd 2.5 25% 50% 75% 97.5% Rhat n.eff
00 a 0.020 0.321 -0.618 -0.190 0.028 0.236 0.651 1.007 380
10 s 3.015 0.359 2.406 2.757 2.990 3.235 3.749 1.002 1200
ST r[1]  -3.778 1.713 -7.619 -4.763 -3.524 -2.568 -1.062 1.001 3000
. '
[ T B T T T L r[2] -1.147 0.885 -2.997 -1.700 -1.118 -0.531 0.464 1.001 3000
1071 2045678810 12 14 16 1820 22 24 26 28 0 32 34 38 3B 40 r[3] 2.014 1.074 0.203 1.282 1.923 2.648 4.410 1.001 3000
r[4] 3.765 1.722 0.998 2.533 3.558 4.840 7.592 1.001 3000
s r[5] -2.108 1.111 -4.480 -2.775 -2.047 -1.342 -0.164 1.001 2300
s3 @o)
g = _ H 25 r[99] 2.054 1.103 0.184 1.270 1.996 2.716 4.414 1.001 3000
- aFr£9tfﬁca@edérla’éﬂuf%p;gé * r[100] -3.828 1.766 -7.993 -4.829 -3.544 -2.588 -1.082 1.002 1100
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gpoooood (HBM)? or GLMM?

Model: HBM and GLMM are equivalent

6. JO0OOOOOn (HBM)? or GLMM?
Model: HBM and GLMM are equivalent

Estimation: NOT equivalent
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gooooood (HBM)? or GL

Model: HBM and GLMM are equivalent

ot

The next topic

guobbooooobgoooon

Hierarchical Bayesiam Model (HBM) & Time Change Model

Hierarchical Bayesian Model

Generalized Linear Mixed
Model (GLMM)
Incoporating

random effects
such as individuality

Be more
flexible

MLE

Generalized Linear
Model (GLM)
Always normal MSE

distribution?

That's non-sense! Linear model
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