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gooboobooooon

- WinBUGS —000D0OOOOOOOOY
« OpenBUGS — O0DOODOODOOOOO?Y
«JAGS — 0000000000 OSOOOO

«Stan — OO0 “07” 000
— 0000000000 ...

e [0 O: http://hosho.ees.hokudai.ac.jp/~kubo/ce/BayesianMcmc . html
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O0o0oboobOo BuGSOOOooooo

F—4 Yv[i]
BEFHBEDOIEDEFEH

4
{ BUGS OODODOO
“IEnf o
dbin (q, 8) for (i in 1:N.sample) {
Y[i] ~ dbin(q, 8)

EFHER o ¥

[l N " dunif (0.0, 1.0
BEREAMDT q 7 dunif( )

goooboobobooboobuooboon

BUGSOO: ODOOOoDOoOOoOoOoOoDOoOon
Spiegelhalter et al. 1995. BUGS: Bayesian Using Gibbs Sampling version 0.50.
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ROO JAGSOODOOOOODOOOOOOO (1/ 3)

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

model .bugs <- function()
{

for (i in 1:N.data) {

Y[i] ~ dbin(q, 8) # OODODOODOOODO

}

q ~ dunif(0.0, 1.0) # q UOOODOOODOO
}
file.model <- "model.bug.txt"
write.model (model.bugs, file.model) # OO0 OO0

# OO0
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ROO JAGSOODOOOOODOOOOOOO (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

# oo ooo......
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ROO JAGSOODOOOOODOOOOOOO (3/ 3)

# burn-in

update (model, n.burnin) # burn in

# UUODOOOOOOO post.memc.list OO
post.mcmc.list <- coda.samples(
model = model,
variable.names = names(inits),
n.iter = n.iter,
thin = n.thin
)
# 00O
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A
00000 ROO

e gelman.diag(post.mcmc.list) — o000
e R-hat J Gelman-Rubin 000000000

~ var
o B — I/I(/@/le)
vart (uly) = ——W + —
oW :D0OUODOODOODO variance O OO
o B:0UO0OOUOODO variance
o0 Gelman et al. 2004. Bayesian Data Analysis. Chapman & Hall/CRC

o
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