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ooo

ooooono I

today’s example: seed number data, again

® (UU0d0boogoo:-000b0o00
OOo00o0oobOoOobooooobooobobogooooo?

model selection using AIC
e AlCOO00000OOOO
badness of fit
O0000D0O00: deviance

statistical test

euubogono

and its asymmetricity

gboobboogod

model selection statistical test
o UUUO0O0O Oooooooad
misunderstanding
oooooo 00
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HeEL RROHE

oooooob0 U 40 GLMOD
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goooon wmEtET U7 A
—BALRBT TN - RN ZETW - MCMC
e J0O: 0000

ARHH
e J0O0O:0D0OOO

e 2012-05-18 0O U

EEBIE
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(A)[I[I[I[IDDD k=1 (B)DDDDDDD k=17
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What is the “best?” parameter number k7
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today’s example: seed number data, again
1. dodtdood: ouooodod

Oobooooboooooooobooboooooy

uboboobooobooooo
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: 00000O0O0: 000000 i 000000000 000000O0Oooooooo?

body size x and fertilization f change seed number y?

goboootoobogobouoobooon

oo e
[ ]
response variable seed number oo b ....
e 0DDOO : OO0 {y} UOHOSA d
c: 0000 Do0 v

explanatory variable
° goon
body size
e 0ODODO {x;}

fertilization

e DDDO {fi}

sample size
agoao
control
e OO0 (fi=C):50sample (i € {1,2,---50})
fertilization

e 0OODO (fi=T):50sample (i € {51,52,---100})
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: 00000O0O0: 000000 i 000000000 000000O0Oooooooo?

a statistical model for this example

goboooboooooood

Jooooodogo

probability distribution Poisson distribution

s OO oo

linear predictor

.O00000: B+ Box; + Baf;

link function log link function

cUOOUbO:0ugboobd
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: 00000O0O0: 000000 i 000000000 000000O0Oooooooo?

4 candidate models

40000000000: (A) constant A

Ai = exp(B1)

T T T T T
7 8 9 10 11 12

0000000000000 (log likelihood) 0000 O

> logLik(glm(y ~ 1, data = d, family = poisson))
'log Lik.’ -237.64 (df=1)
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4 candidate models

40000000000: (B) £ model

Ai = exp(B1 + B3 fi)

T T T T T
7 8 9 10 11 12

0000000000000 (log likelihood) 0000 O

> logLik(glm(y ~ f, data = d, family = poisson))
’log Lik.’ -237.63 (df=2)
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: 00000O0O0: 000000 i 000000000 000000O0Oooooooo?

4 candidate models

40000000000: (C) x model

Ai = exp(B + Box;)

T T T T T
7 8 9 10 11 12

0000000000000 (log likelihood) 0000 O

> logLik(glm(y ~ x, data = d, family = poisson))
’log Lik.’ -235.39 (df=2)
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: 00000O0O0: 000000 i 000000000 000000O0Oooooooo?

4 candidate models

40000000000: (D) x + £ model

i = exp(B1 + Pox; + B3 fi)

T T T T T
7 8 9 10 11 12

0000000000000 (log likelihood) 0000 O

> logLik(glm(y ~ x + f, data = d, family = poisson))
’log Lik.’ -235.29 (df=3)

kubostat2015d (http://goo.gl/76c4i) 000000000 2015 (d) 2015-07-15 11 /39


http://goo.gl/76c4i

: 00000O0O0: 000000 i 000000000 000000O0Oooooooo?

k increases — log L™ increases

goboootoobogobouoobooon

(A) constant \O k =10 (B) £ modell k =20

"l -237.6 "1 -237.6

] N Control

S S S L S S S
(C) x modell k =20 (D) x + £ modell k = 30

"1 -235.4 "1-235.3

N _ Contro

T S S T S S
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AIC 000000000 00000000 : deviance

model selection using AIC

2. AlCO00D00O00OOn

badness of fit
00000000 : deviance

badness of prediction

Oo0oOoooog: AIC
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U00BE0000 ; deviance
output

RO gim() O deviance 0 0O

> glm(y ~ x + £, data = d, family = poisson)

Call: glm(formula =y ~ x + f, family = poisson, data = d)

Coefficients:
(Intercept) X T
1.2631 0.0801 -0.0320

Degrees of Freedom: 99 Total (i.e. Null); 97 Residual
Null Deviance: 89.5

Residual Deviance: 84.8 AIC: 477

Residual Deviance? Null Deviance? AIC?
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AIC 000000000 00000000 : deviance

deviance D = —2 x log L*

e Maximum log likelihood log L*: goodness of fit

e Deviance D = —2log L*: badness of fit

y Deviance Residual
model k log I —2log L* deviance
constant A 1 -237.6 475.3 89.5
f 2 -237.6 475.3 89.5
X 2 -235.4 470.8 85.0
x + f 3 -235.3 470.6 84.8
saturation 100 -192.9 385.8 0.0
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AIC 000000000 00000000 : deviance

Null deviance, Residual deviance, ...

Max deviance475.3 |-
47038 |-

Deviance
—2log L*
(badness of fit)

Min deviance 385.8 -|----

N
A
o o)
© o
3 o
Z T
c )
= @,
o)
15 S
<. L
2 @]
o (o]
] <.
2 5
=2
(o]
L
y \ 4

constant A
x model

saturation model
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AIC 000000000 00000000 : deviance

badness of prediction

00000 : AIC = —2log L* + 2k

Look for a model of the smallest AIC
AlCOO0OO00ODoOoOooo

Deviance

Residual

model k log L —2log L* deviance AIC

constant A 1 -237.6 475.3 89.5 477.3
f 2 -237.6 475.3 89.5 479.3
X 2 -235.4 470.8 85.0 474.8
x + f 3 -235.3 470.6 84.8 476.6
saturation 100 -192.9 385.8 0.0 585.8

AIC: A (or Akaike) information criterion
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U00BE0000 ; deviance
O00000000000O0oooOo?

goooooocoon
ooooooo
fr=2080000000

RIS
’ :\

0 5y10 15 k_ld
gooooood

goooooooo
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00000 constant A
&% |f-—2040000000
S

5 10 15

gooooood

000000000 2015 (d)
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AIC 000000000 00000000 : deviance

O00oooooOOobobooooooooogoo?

0oooooo
00000 constant A
f%} /1 =2040000000
N
[0)

0 5 10 15
y
gboboboboboobg
ooboooboboooo

000000000
logL* 00000

oobooooobood

0 5 10 15
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AIC 000000000 00000000 : deviance

gobbob: bgoaobobbooooboo

0o0o0000

00000 constant A

0oo0oO0O0O0o0o f%) f1=2040000000
0oooooo g 5

f1=2080000000
0 5 10 15

Y opeeoooo
0.0000Em
oono000e00
“Sea E(logL) ODDOOO

1.1 T T T 1 1T T 1 1
0 5 10 15 0 5 10 15 0 5 10 15

ooooUoooooog (200000)
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00080808 deviance
Oodddoooooooddooon

(A) 000000000 (B) (A) DDDDOOOOO (C)DDDDO0DO
s & g i
- I A
2, o I,.o‘ﬁ' o i
g% 1 "l ] Ty
g ! !
8 ; 84 i & o
1 goo i oo e 7
B1 = 2.04 ﬁl = 2.08
& ! & ; : $-
1.‘95 2.‘00 2.05 2.10 2.‘15 2.‘20 1.‘95 2.b0 2.65 2.‘10 2.‘15 2.‘20 1.‘95 2.60 2.65 2.‘10 2.‘15 2.‘20
/1 00 p1 00 /1 00
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U00BE0000 ; deviance
godddooooooon

oooooobooooooo
O

gooad
goboooooo

ocoooooo 1 2 2
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0oooooo DDDD&DDDDD

statistical test

3. 00o0ogoaa

and its asymmetricity

goooooooon

likelihood ratio test
oooo ooooao OO0
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0oooooo 0oooo0ooooo

model selection statistical test

Juub oottty o

totally different in their objectives

Joooodddobbn
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Objective

aoov

model selection

Jootf:

Look for a model of better prediction

Juobgbooguboguod

statistical test rejection of null hypothesis

Jooodo: 0ogoodn

described later

(Doooo)
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But their procedures are similar

oboobooooooouooboooodd

00000000 | [ AlC000D0000

ugooogooogdn
4
goooooooooooooooooon

(D0OoDoOoooo)

(000DOoO0oOoDoo0oOo0)

¢
gobodobooooogooogooo EDEDDDDDDEI
I I
ooooobobooooobob boooboobo AlIcoogo
I 4
gbobooobobooobooo goobooobgooo
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0oooo0ooooo

ooooooao

The same example, again

goooon

D: deviance

...
..o. .}
D =
ooq / HOOw o7
g+
;:OOA/
0000 z; 2 “f
= 1
8 o

S

A‘--' 7 8 9 10 ﬁ 12
body size x;
neglect fertilization treatment

(ODooooool)

000000000 2015 (d)
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test statistics

00000 AD:,

difference in deviance AD1 o = Dy — Dy = 4.51 =~ 4.5
likelihood ratio? — log % =log L] —log L}

log L* Deviance
model k 08 —2log L*
constant A 1 -237.6 D, =475.3
alternative hypothesm\‘ =
X 2 -235.4 Dy = 470.8 goon
asymmetricity in test Null hypothesis is junk

gboobood .- ooggboboboogd

.. yet we are focousing only on null hypothesis

...... gboooobooooboobooooboobo
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objective null hypothesis g rejection

OoooO0: oooo eélo oo

observerd
000000000 ADi2=450......
.\ oooon goooooooo goooooo
(0oOooooo) (0oOooDoo)
oooooooo oooooo (oooo)
ooooooooo (oDooo) oooooo
ﬁ significant not significant
T g A g
(Reject € ik ) (Not reject & 1L )
TRUE Type I error (no problem)
NOT true (no problem) Type II error

asymmetricity in test  evaluating only Type-I error

goobood .ooggooboboogd
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generate AD; o distribution bootstrap likelihood test
AD,, 000000 0000000000000

Suppose null hypothesis is TRUE!
=t

¢
DDDDL‘ ooooooooooooao!
O000O000oo0oobooa 0000000 constant A 0 x model

00000000000 0000000000 AD,, 000000
(fyp=2060000000)

ADLQ ADLQ ADLQ c e
25
P e S
T T T T 171 l"?\‘
7 9X11 18 |‘—’ld . ',--C,
o0000oo0ooooop : %ggw Soomie o o o
000000000000 5 SBHE sk

\\\\\\\\\\\\\\\\A\\\
7 9 11 1 7 9 11 1& 7 9 11 1Z

gbooboobooooboobooogob
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0oooooo 0oooo0ooooo

How to generate AD;, under G is TRUE?

> d$y.rnd <- rpois(100, lambda = mean(d$y))
> fitl <- glm(y.rnd ~ 1, data = d, family = poisson)

> fit2 <- glm(y.rnd ~ x, data = d, family = poisson)

> fitl$deviance - fit2$deviance

generation of random numbers virtual data
e rpois() 0 OO googoobbon (DoOooo)
fitting GLM to the virtual data
e JIDUOOODDOO glmO OODOO
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You must define “rejection region” in advance

obogooboobboooan

say, 5%7?
oooo 5% o007

]
Z

oT ;

.
significant <
.

— significant (5%)

50 100 150 200 250 300 350

0
|
i
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0oooooo 0oooo0ooooo

A random AD;; generator in R

get.dd <- function(d) # DO0OD0ODOOODOOOOOO

{
n.sample <- nrow(d) # O0O0O0O
y.mean <- mean(d$y) # 00O 0O
d$y.rnd <- rpois(n.sample, lambda = y.mean)
fitl <- glm(y.rnd ~ 1, data = d, family = poisson)
fit2 <- glm(y.rnd ~ x, data = d, family = poisson)
fitl$deviance - fit2$deviance # DO OO O DOOO

}
pb <- function(d, n.bootstrap)
{
replicate(n.bootstrap, get.dd(d))
}
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L uE e
Generated distribution of AD;, = Dy — D;

observed AD1 >
‘ ooooooood
i < ADl_Q =4.5

| | | |

|

0
L | |

50 100 150 200 250 300 350

[ T T T 1
0 5 10 15 20

constant A0 x model 000000 AD;»

(R code is in the next page)
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Probability{AD,, > 4.5} =

>

>

)()( = 0.038

source("pb.R") # reading "pb.R" text file
dd12 <- pb(d, n.bootstrap = 1000)
hist(dd12, 100) # to plot histogram
abline(v = 4.5, lty = 2)

sum(dd12 >= 4.5)

[1] 38

so-called “P-value” is 0.038.
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null hypothesis
e

In this case, 0000

is rejected

alternative hypothesis\;,i; 1
So we can state that good EEVcan be accepted.

x model is better than constant .
D: deviance

... <
o.o.. T
o0 i o000y o x model

27 Dy = 470.8
= 7 P— constant A

0000 o 2 < D, = 475.3
o
[<b]
@

' C T T T T T
7 8 9 10 1 12

body size x;
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oopooooooo
In case that P > 0.05 ...7

You can NOT state that constant A is better
AO0000O0O0O0O00O0O0O0O0O00O0

Null hypothesis is never accepted

asymmetricity in test

ooooooo : ooogo@l

gbbogobooabod
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model selection statistical test

4. JU00dd b0 oooooaad

misunderstanding

googoo 0o
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00000 FAQOOOOO

http://hosho.ees.hokudai.ac. jp/~kubo/ce/FagModelSelection.html
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