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statistaical models appeared in the class

obooobooooooouoon

The development of Llinear models

parameter
estimation

Hierarchical Bayesian Model MCMC

Be m<_>re/&Generalized Linear Mixed

flexibte Model (GLMM) -
i;‘;ggﬁ'g};zgts /& Generalized Linear
such as individuality~~ Mode L (GLM)

Always normal MSE
distribution?
That’ s non-sense! Linear model

Kubo Doctrine: “Learn the evolution of linear-model family, firstly!”

kubostat2015f (http://goo.gl/76c4i) 00oO0oo0O0o000 2015 () 2015-07-27 2/35


http://goo.gl/76c4i

ooo

goobooon

oeGLMUIUOOOOODOODOODO

overdispersion data
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overdispersion caused by individual differences
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Genralized Liear Mixed Model
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overdispersion data
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example seed survivorship again, but ...
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logistic regression as usual?
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probability distribution ~ binomial distribution
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linear predictor
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GLM doesn’t work!
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overdispersion caused by individual differences
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unobservable differences
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GLM does not take into account individual differences
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Almost all “real” data are overdispersed!
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Genralized Liear Mixed Model
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fixed effects random effects
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an improvement of logistic regression model
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a numerical experiment using random numbers

gbobooooooboboooobboooanon

# defining logistic function

logistic <- function(z) { 1 / (1 + exp(-2z)) }

# random numbers following binomial distribution
rbinom(100, 8, prob = logistic(0))

# random numbers following Gausssian distribution
rnorm(100, mu = 0, sd = 0.5)

r <- rnorm(100, mu = 0, sd = 0.5)

# random numbers following ... 7

rbinom(100, 8, prob = logistic(0 + r))

V V V V V V V V V
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fixed effects random effects
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Generalized Linear Mixed Model (GLMM)

linear predictor

000 Mixed D 00000 8y + Box; + 7

. fixed effects: B + Box;

. random effects: +r;

fixed? random?” DO O QOQOOd...... ?
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global parameter [] local parameter

Generalized Linear Mixed Model (GLMM)

linear predictor

000 Mixed D 00000 By 4 Box; + 14

. fixed effects: 5 + Box;

. global parameter — for all individuals
00000000 sO global parameter
. random effects: +7;

« local parameter — only for individual ¢
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local parameters: {ry,ra, -, 7100}
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saturation model

gogodd goubobbobbod

> d <- read.csv("data.csv")

> head(d)
Ny x id
1802 1
2812 2
3822 3
4842 4
5812 5
6 802 6
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binomial distribution
ugod gy ooooo — good

p(yi | Br1,B2) = <f>qut(1 gi) Y

Gaussian distribution

gob oobogonD — good

(i | 5) =
ri|s)= exp | —
p 27(-32 *P 282

likelihood to remove 7;
oo .0 oo r, OO0

L; :/ p(yi | B, Ba,73) p(ri | s)dr;

(oo}

likedhood for all data
goooooo b1, B2, s OO0

ﬂl ’ ﬂQv I | L
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global parameter [] local parameter

Generalized Linear Mixed Model (GLMM)

linear predictor

OO0 Mixed D OOOUOO: By + Pox; +1;

« global parameter 0O OO0 OO0

. fixed effects: 1, B
.UO0oOodgdono: s
o local parameter 000000000

. random effects: {ry,ry, -+, 7100}
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Integral of r; — mixture distribution of the

binomial and Gaussian distributions
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glmmML package [0 00 00 GLMM 0O0O0O

> install.packages("glmmML") # if you don’t have glmmML
> library(glmmML)
> glmmML(cbind(y, N - y) ~ x, data = d, family = binomial
+ cluster = id)
> d <- read.csv("data.csv")
> head(d)
Ny x id
1802 1
2812 2
3822 3
4842 4
5812 5
6 802 6
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estimates

GLMM 0 000 : B, B8

> glmmML(cbind(y, N - y) ~ x, data = d, family = binomial,
+ cluster = id)

...(snip) ...

coef se(coef) z Pr(>lzl)
(Intercept) -4.13 0.906 -4.56 5.1e-06
X 0.99 0.214 4.62 3.8e-06

Scale parameter in mixing distribution: 2.49 gaussian
Std. Error: 0.309

Residual deviance: 264 on 97 degrees of freedom AIC: 270

S

By = —4.13, 3y = 0.99, § = 2.49
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prediction
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differences both in plants and pots

000 + 0000 GLMM 1

(A)0O0D0DOO0OO0O00O0
odooodoo
ogooood

@L QL logitg: = 1 + oz (GLM)

¢gi: UO0oooon

o

() 00DDDODO0OOO0OOODO
o0 .o ooooggog

" oooo0oooooon
logitq; = B1 + Boxi + 1
e o, e R

00000000 (A)(B)D0OOO0O00000000000O0
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differences both in plants and pots

00 + 0000 GLMM 11

(C)DODOOD0DODOOOO
ooooooooo

ooooooogd

gjﬁi ggﬁ logitg; = B1 + Boxi + 1

)00000000000
oo oo ce oo ULUOOOOOOOO

e ooooo

gjﬁ gg loglt% 61 + 621'1 + 7+ Ty

gboboobooboobbooboobbooboobobo
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summary

GLMM 000

oboooobooboobboobooboboobooboooon
goooobogn

000000000 random effects 0000 OO0

0000000 —DOOO0O0000 global parameter O local
parameter D 0 OO0 000000

GLMM 0O O global parameter 0 0 O 0O O O O — local parameter
ooooooon

local parameter 00000 (e.g. 000 +000)0000000
gogoogoooob —oooaag ...
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The next topic

The development of linear models

parameter
estimation

Hierarchical Bayesian Model MCMC

Yay! s mgre/&Generalized Linear Mixed
flexibe Model (GLMM) e
[acoporating | /k Generalized Linear
such as individuality~~ Mode l (GLM)

Always normal MSE
distribution?
That’s non-sense! Linear model

dodoononn
Hierarchical Bayesiam Model (HBM)

kubostat2015f (http://goo.gl/76c4i) 000000000 2015 ( 2015-07-27

35/ 35


http://goo.gl/76c4i

	GLM では説明できない種子データ
	「ばらつき」が大きすぎる!overdispersion data

	過分散と個体差overdispersion caused by individual differences
	観測されていない個体差がもたらす過分散

	 一般化線形混合モデルGenralized Liear Mixed Model
	個体差をあらわすパラメーターを追加

	一般化線形混合モデルの最尤推定
	個体差 ri を積分して消す尤度方程式

	現実のデータ解析には GLMM が必要
	個体差・場所差を考えないといけないから


