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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, 1.0) # q ODODODOOOODODO
}
file.model <- "model.bug.txt"
write.model (model.bugs, file.model) # 0O OO OO

# 00000
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# 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

)

# 00O
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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
)
...
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model > source("mcmc.list2bugs.R") # 0000000000,
{ > post.bugs <- mcmc.list2bugs(post.mcmc.list) # bugs DO O0O0O0
for (i in 1:N.data) { 3 chains, each with 4000 iterations (first 2000 discarded)
Y[i] - dbin(q[i] , 8) F—4 YE&?]B{E{Q;B ‘SO_O/MQ' tg_ga I fpr egoh gfiainy Rybaty, medians and 80% intervals
logit(qlil) <- a + r[i] # P -= 002
b Mo CmAT  EHOBEE 3o
a ~ dnorm(0, 1.0E-4) igpeg Al rli) <—, 00
for (i in 1:N.data) { SEELEOTTE) & e S EFED "
rli] ~ doorm(0, taw)  mpmmsen S 7 G20 S IR I
¥ RIERBATD A Sl e L
(BERIH ) 107y s rano 12 14 3018 20 22 220 28 30 52 3 30 8 40
tau <- 1 / (s * s)
s ~ dunif(0, 1.0E+4) 35
} SSJ
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Trace of a Density of a ® post.mcmc <- to.mcmc(post.bugs)
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Model: HBM and GLMM are equivalent Model: HBM and GLMM are equivalent
Genralized Liear Mixed Model
6. 00000000 (HBM)? or GLMM? _
The development of Linear models
Hierarchical Bayesian Model
Model: HBM and GLMM are equivalent ) ) )
Be nore Generalized Linear Mixed
flexivte Model (GLMM)
MLE
Estimation: NOT equivalent Tnscgarating | Generalized Linear
such as individuality~ Mode | (GLM)
Atways normal NSE
distribution?
That's non-sense! Linear model
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Model: HBM and GLMM are equivalent Model: HBM and GLMM are equivalent
Improve logistic regression model (GLM)! 00 ;00000 000000
probability distribution ~ binomial distribution
e OO oooo
linear predictor
e[1J0OMO: 61"—&21}4‘7}
link function
e J00O0ODO: logitdOoOnO
os=1.0
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Model: HBM and GLMM are equivalent

fixed effects

oboooO o oooooo

random effects

Generalized Linear Mixed Model (GLMM)

linear predictor

OO0 Mixed D ODDOOOO: By 4+ Boxi + 1

e fixed effects: ) + fBox;

e random effects: +r;

fixed? random? OO O O0OO ?
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Model: HBM and GLMM are equivalent

global parameter [] local parameter

Generalized Linear Mixed Model (GLMM)

linear predictor

OO0 Mixed D ODDOOOO: B+ Box + 1

e fixed effects: 5 + Box;
® global parameter — for all individuals

e J00UDOOOO s0O global parameter
e random effects: +r;

® Jocal parameter — only for individual ¢
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Model: HBM and GLMM are equivalent
maximum likelihood estimation of GLMM
000 y; ~ binomial distribution
P 8 Yi 8—y.
p(yi | B B2) = a7 (1—q:)" "
Yi
000 r; ~ Gaussian distribution
i 1 r?
plri | s)= ﬁcxp T 942
Integrate out ;!
oo
R rars
J—co
likedhood for all data
0000000 — By, Be,s000
L(B1, Ba, 8) = HLi
i
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The next topic
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Hierarchical Bayesiam Model (HBM) & Time Change Model

The development of Llinear models

Hierarchical Bayesian Model “veme!
Be more Generalized Linear Mixed
flexibte Model (GLMM) e

Incoporating

Generalized Linear
Model (GLM)
Always normal MSE

distribution?
That’s non-sense!

randon effects
such as individuality

Linear model
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Mool FBN amd GLNM are samiealont
e Model: HBM and GLMM are same
e Estimation: NOT same
Hierarchical Bayesiam model (HBM)
is better because we can apply MCMC
estimation.
Maximum likelihood estimation (MLE)
is NOT easy!
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