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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 ODODOOOOODODO
}
file.model <- "model.bug.txt"
write.model (model.bugs, file.model) # 000000

# [0
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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 U 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

# 00000000,
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model > source("mcme. list2bugs.R") # 0000000000..
{ > post.bugs <- mcmc.list2bugs(post.memc.list) # bugs 000000
for (i in 1:N.data) { 3 chains, each with 4000 iterations (first 2000 discarded)
1~ . . T—49 BFYENSS 80% jptewval for egch gain, Rrfat medians and 80% intervals
Y db , 8 7 % fptewal for each gfainy Rptiaty,
[1]' '1n(q[1] ) ' YIi] it By L .
logit(q[i]) <- a + r[i] 7 i b
} e T Y %o
a ~ dnorm(0, 1.0E-4) ek Alile—r[i] < ool
A a9
for (i in 1:N.data) { SEELEOTTE) & v S EEED 0
T Rt (35
r[i] dnorm(0, tau) ISRBERID A B *rg .o"b“”, ’,m ”M“"". bt ‘MN
} - BRFRID T st [ [
(BHAIDT) 107, s romo 1 1 1 202 2 2 23032 303030
tau <- 1 / (s * s)
s ~ dunif (0, 1.0E+4) 35
} s3 ‘
25
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bugs ooooooo poSt.bugSDDDD 0doddoDd0oDoobDOoDoDOooDoOonD ROODOO
e print(post.bugs, digits.summary = 3) Trace of a Density of a
e J000OO 9%% 000000000000 0 ] © ]
o - -
- o 4
3 chains, each with 4000 iterations (first 2000 discarded), n.thin = 2 3 ] o 1
n.sims = 3000 iterations saved ! J © T T T T T
mean  sd 2.5%  25%  50%  75% 97.5% Rhat n.eff 0 200 600 1000 -1.0 00 05 10
a 0.020 0.321 -0.618 -0.190 0.028 0.236 0.651 1.007 380 Iterations N =1000 Bandwidth = 0.06795
s 3.015 0.359 2.406 2.757 2.990 3.235 3.749 1.002 1200
r[1]  -3.778 1.713 -7.619 -4.763 -3.524 -2.568 -1.062 1.001 3000 Trace of s Density of s
r[2] -1.147 0.885 -2.997 -1.700 -1.118 -0.531 0.464 1.001 3000
r[3] 2.014 1.074 0.203 1.282 1.923 2.648 4.410 1.001 3000 o 7 ©
r[4] 3.765 1.722 0.998 2.533 3.558 4.840 7.592 1.001 3000 ~ 4 S 7
r[5] -2.108 1.111 -4.480 -2.775 -2.047 -1.342 -0.164 1.001 2300 o o 7
@) N T T T T o T T T T T T T
0 200 600 1000 2.0 3.0 4.0 5.0
r[99] 2.054 1.103 0.184 1.270 1.996 2.716 4.414 1.001 3000 ) .
r[100] -3.828 1.766 -7.993 -4.829 -3.544 -2.588 -1.082 1.002 1100 lterations N'=1000 Bandwidth = 0.07627
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goooooooooooooboooooon DDDD
The next topic
e post.mcmc <- to.mcmc(post.bugs)
e 00 matrix 0000000 0OO0OODOODOODOODOO DDDDDDDDDDDDDDDD
R 0ooooO0O0OO00OO00O0O0OO0000000n Hierarchical Bayesiam Model (HBM) & Time Change Model
- The development of Llinear models
[ parameter
s 3 Hierarchical Bayesian Model e,
o/ ) . )
ooooo o \o / Be nore Generalized Linear Mixed
\ / flexible
Dooooog % O\ ° Hodel (ELE WLE
o] f”“”i . Tnacgarating | Generalized Linear
such as individuality™~= Mode [ (GLM)
o
0 > ] & 8 Alvays normal MSE
distribution?
gooooooooo That's non-sense! Linear model
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