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estimation
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> source("mcme. list2bugs.R") # 0000000000...
> post.bugs <- mcmc.list2bugs(post.mcmc.list) # bugs OO DO OO0

3 chains, each with 4000 iterations (first 2000 discarded)
medians and 80% intervals
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Trace of a Density of a

AN

T T T T T
-1.0 0.0 05 1.0

L1l

Ll

-1.0 05
0.0 0.8

0 200 600 1000

Iterations N =1000 Bandwidth = 0.06795

Trace of s Density of s

LiLlll

2.0 4.0

L1l

00 08

L B B
2.0 3.0 4.0 5.0

N =1000 Bandwidth =0.07627

000000000 2015 (g) 2015-07-29

71/ 74

0dddd0oooo BuGSOOOOoDOoODOO

model
{
for (i in 1:N.data) {
Y[i] ~ dbin(q[i], 8)
logit(q[i]) <- a + r[i] 7

F—5 BFYEDNSS
YIi] R

}
a ~ dnorm(0, 1.0E-4)
for (i in 1:N.data) {

i

hyper

2EFLBEDOI T g

. e OEkE
ek Alile—r[i] <
=D

aneter 1§25 %

r[i]l ~ dnorm(0, tau) WS RERIST
} e RIEBEAD T
(BEFID )
tau <= 1 / (s * s)
s 7 dunif (0, 1.0E+4)
+
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S EiFED

bugs DO OOOOO post.bugsO OO0

e print(post.bugs, digits.summary = 3)
e 0000 %% UOU0ODODOODOD

3 chains, each with 4000 iterations (first

2000 discarded), n.thin = 2

n.sims = 3000 iterations saved
mean sd 2.5% 25% 50% 75% 97.5% Rhat n.eff
a 0.020 0.321 -0.618 -0.190 0.028 0.236 0.651 1.007 380
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
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
r[4] 3.765 1.722 0.998 2.533 3.558 840 7.592 1.001 3000
r[5] -2.108 1.111 -4.480 -2.775 -2.047 -1.342 -0.164 1.001 2300
@o
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
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e post.mcmc <- to.mcmc(post.bugs)
e D00 matrix 0000000 0DOOOOO0DOOOODO
“N7,
o]
e ,»
0, \\ ° /
goooo \\. /
/
ooooooR] O o
e
o
. .
o
T T T T T
2 4 6
ooooooood
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The development of Llinear models
Hierarchical Bayesian Model oo
6. 000 Yay! se nore Generalized Linear Mixed
flexibte Model (GLMM) e
Incoporating Generalized Linear
random effects
Jo0000O00obOO0bOO0oOobOOooooo o 2 g st~ Mode L (GLM)
Atways normal MSE
distribution?
That's non-sense! Linear model
s JO00ODO0ODODODOOUODODOO
e JODOODOODOODOOO
s JO00ODO0ODODODODOUODODOO
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