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today’s example: seed number data, again

e UDLugdoob.:bo000dgn
oobooooboboooooobooboobobooooy

model selection using AIC

e AlCOO0D0ODODOO
badness of fit

OOOOO0O0O0O: deviance

statistical test
eLUUOOogng

and its asymmetricity

gobbobooodn
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doooobobotuooboobooooouoo

0oooooO0 O 40 euMmp http://goo.gl/Ufqg2

RELHEOREF

oooooooog 50 GLM
goooooobobobobooooo =

F— Y BT D20 D
Oo000ooooon #EtE T A

—RALMBET W - BB~ XETW - MCMC

e U0O: 0000
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e O 0OOOMO
® 2012705718 D |:| EEB
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ooo

Jooddoooooooooooooo?

(A)00oOoooO k=1 (B)ooooooQ k=7
o o
¥ o) A o
e} o} o o}
N o 00 O N o 00 O
= 00 00 O 00 00 O
== @O 0O@D® O == @O O@D® O
O o o@mw o 0 OQumo o)
[ oo 0.0 0...@OM.-0 oo 0.0 0.~ @O0, O
O O 0@ 0 0@
-] 0O O OGHD OO O 0O o 0O O OGED OO O 0O
o 00 O0QD e} 00 0a®
< o a o < o a o
o o) o (e} o o)
o ) N o
T T T T T T T T T T
7 8 9 10 11 12 7 8 9 10 11 12
ooono «x oooo «x

What is the “best?” parameter number k7
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ooooooo: 00o0oao 0000DO0O0000O00OOO0O0OOO0O0OO0O0O0?

today’s example: seed number data, again

. gooooug:ogooood

O000odobOooobooooboboooooooagr

gobboooobbodd
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body size z and fertilization f change seed number y?

dobooouobuobogooooogo

ogd e
[ X ]
response variable seed number og [ ] ....
e JOOD : OO0 {y} D000 .
explanatory variable c:oooao Qoo Yi
e Qoo T: 0000

body size
e DDOD {a;}

fertilization

e DDDOO {fi}

sample size

god
control

e 00O (f; =C): 50 sample (i € {1,2,---50})
fertilization

e DDDODO (fi=T):50sample (i € {51,52,---100})
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ooooooo0: 00ooooo DODO00D0D0000000O00O0O0OOoOoOoooogv?

a statistical model for this example

obooobooouoogd

Joobooboooon ] -

probability distribution  Poisson distribution
O® eO® e@® O® O oo

e UUODO :UOOOoon ¢

linear predictor + 0t & .
OO U: 61 —+ 62$i —+ 53]2 78 8 1‘0 o1
link function log link function

U oobooogn
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4 candidate models

40000000000: (A) constant A

Ai = exp(B)

10
!

T T T T T
7 8 9 10 11 12

0000000000000 (log likelihood) 00O OO

> logLik(glm(y ~ 1, data = d, family = poisson))
’log Lik.’ -237.64 (df=1)
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ooooooo0: 00ooooo DODO00D0D0000000O00O0O0OOoOoOoooogv?

4 candidate models

40000000000: (B) £ model

Ai = exp(B1 + B3fi)

10
!

T T T T T
7 8 9 10 11 12

0000000000000 (log likelihood) 00O OO

> logLik(glm(y ~ f, data = d, family = poisson))
’log Lik.’ -237.63 (df=2)
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ooooooo0: 00ooooo DODO00D0D0000000O00O0O0OOoOoOoooogv?

4 candidate models

40000000000: (C) x model

Ai = exp(f1 + Bax;)

10
!

T T T T T
7 8 9 10 11 12

0000000000000 (log likelihood) 00O OO

> logLik(glm(y ~ x, data = d, family = poisson))
'log Lik.’ -235.39 (df=2)
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ooooooo0: 00ooooo DODO00D0D0000000O00O0O0OOoOoOoooogv?

4 candidate models

40000000000: (D) x + £ model

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

10
!

T T T T T
7 8 9 10 11 12

0000000000000 (log likelihood) 00O OO

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

doboouobuobogooooogo

(A) constant A0 k& = 10 (B) £ modell k£ = 20

-237.6

Control

x + f modell k = 30

-235.3

’
y
Control.”
"’

o

-237.6
[ 2 s
(C) x modeld k = 20 (D)
"1 -235.4 ]
T T
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AlC 000000000 00000000 : deviance

model selection using AIC

2. AICO0000000O0O

badness of fit
O0000000: deviance

badness of prediction

OOo0O0O0O0O0og: AIC
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AlIC 000000000 00000000 : deviance

output

RO glm() O deviance [ 00

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

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

Coefficients:
(Intercept) X fT
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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AlIC 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

. Deviance Residual
model k log L —2log L* deviance
constant \ 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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AlIC 000000000 00000000 : deviance

Null deviance, Residual deviance, ...

Max deviance475.3 |-+ constant \
470.8 -|---°|" ----x- x model

[} [e0)
© o
» o
z |z
Deviance ; 2
—2log L* 2 5
(badness of fit) g )
o (0]
@ <.
~ Q
>
o
ko)

Min deviance 385.8 -|---¥een Y.... saturation model
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AlC 000000000 gooooooo

badness of prediction

: deviance

00000 : AIC = —2log L* + 2k

Look for a model of the smallest AIC
AlCOOO0OUOOoOUoooo

Deviance i
model k log L* —2log L* dR(fjil:rlll:é 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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AlIC 000000000 00000000 : deviance

Jooddooooooooooo?

gooobooogo
goooooo
fp=2080000000

0 5 10 15
%DDDDDDDD
:‘?\‘
0 5y10 15 |~—’|4
oooooooo
ooooooooo Lol
0 5y10 15
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AlIC 000000000 00000000 : deviance

Oo0o0odobobdoooboboooobooooogr?

ooooooog
00000 constant A
gj@%Q f1=2040000000
@
8 %

y
oobooooooooooo
oobooooboooo

obobogobooog
logL* 0O OOO

ooooooooo
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AlIC 000000000 00000000 : deviance

godob: dgoobobuooooooobod

ooooooo
00000 constant A
0ooooooooo f%l /1 =2040000000
0oooooo LN

f/p=2080000000

Y oooooooo
ooooooQ
o0oooooong
=~ E(logL) DODODO
,"?\‘
0 5 y10 15 “_l.d

L e e E B R B
0 5 10 15 0 5 10 15 0 5 10 15

0000O000oooooo (200000)
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AlIC 000000000 00000000 : deviance

Joboooooouobouoooood

(A) 000000000 (B) (A) 00D0DOOOOO (C)OOOOOO
g S g 1
- i -
2, 0 I,_o‘ﬁ’ "t i
g i
H : i % o
® poo ! oo 7 7]
_| Bi=204 B =208 N ) _
iy | 1 piy - - piy

T T T T T T T T T T T T tT T T T T T
1.95 200 205 210 215 220 195 200 205 210 215 220 195 200 205 210 215 220

g1 00O B 00 B 00
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AlIC 000000000 00000000 : deviance

obooobooouoogd

obooooooooooon
@)

good
gobogoooon

I
gooooog 1 2 2
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ooooooao oopoooooooo

statistical test

. 0uuoogu

and its asymmetricity

gobooobooood

likelihood ratio test
ggono ogooono ogo
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oopooooo oopoooooooo

model selection statistical test

Juub ooty o

totally different in their objectives

Jodoboobgddun
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oopooooo oopoooooooo

Objective

oov

model selection

Jootf:

Look for a model of better prediction

Juobogooguougod

statistical test rejection of null hypothesis

oot oobooood

described later

(Doooo)

000000000 2013 (4) 2013-07-10
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But their procedures are similar

obootbobouobouobogoooonod

| Dopooooo | [ Alcoooooooo |

gooogoooogo
4
gooogoooooogboogoogog

(Coooooooo) (Doooooooooo)

oooo

dbobodobogoooooooooob oo oogn
I 4
O000000Doo0oO00 ooooooo Alcogd

1
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oopooooo oopoooooooo

The same example, again

dooood

D: deviance
[ X ]

oo.’. s
° N
00 s o000y o9 x model

2 Dy = 470.8
= p——r constant A

0000 = & Dy = 475.3
T 7]
O o

’ T T T T
7 8 9 10 1 12

body size x;

neglect fertilization treatment

(Doooooo!))
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oopooooo oopoooooooo

test statistics

00000 ADp,

difference in deviance AD; 3 = D; — Dy =4.51 =~ 4.5
likelihood ratio? — log % = log L] — log L}
2

k low L* Deviance
model &) —2log L*
constant \ 1 -237.6 Dy = 475.3
x 2 -235.4 Dy = 470.8 0000 B.!

asymmetricity in test Null hypothesis is junk
goooodo - odououooodgo

.. yet we are focousing only on null hypothesis
...... do0o0o0oOoOooOoOoOoOoOoOoOooOoOooOoOoO0

kubostat2013d (http://goo.gl/82dgC) 000000000 2013 (4) 2013-07-10 28 / 37


http://goo.gl/82dgC

e efaaetej(ej(e
objective null hypothesis

ooooo:

Ooono el

oopoooooooo

rejection

O OO

observerd
0000000ddd ADi,=450......
. 0oooo gooobooooo goooooo
(0oooooo) (0o0oooo)
oooooooon gooooo (Oooo)
oooobooooo (oDooo) gooooo
significant not significant

! 9;\, Eis

(Reject © 1L )

(Not reject @ ik )

TRUE Type I error

(no problem)

NOT true (no problem)

Type II error

asymmetricity in test

gbooboodg
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evaluating only Type-I error

goobbbooodgn
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oopoooooooo
generate AD; 5 distribution

bootstrap likelihood test
AD;, 000000

guooooboooooon

Suppose null hypothesis is TRUE!
IR v.lg

DDDDDDDDDDDDDDDDD'

Oo00ooDo0obo0oOobDOonD DOO0OO00O00 constant A x model
ooooooooooo

0000000000 AD,, 000000
(=2000000000) ,p

ADq 5 AD; c
e ey
|
) T N
L "\"\‘
el
79 1113 ‘—,'41 i 'o 20 &

__Q:’,; EZ,O_ "';_.C"::
DDDDDDDDDDDDDJ%H Bercen TR | e e e
O000000000ogl Safe 5 Fothsbens

T \’\)\\ T 1T T 1T 71T -

T UL
7 9 11 1€ 7 9

1 1E 7 9 11 1

gobobooboobuooboobon

000000000 2013 (4)
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i

) is TRUE?

How to generate AD; 3 under ©

> 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() O OO guoooooooo (Doooo)
fitting GLM to the virtual data
e JOIDODODOO gim(O) ODOO

kubostat2013d (http://goo.gl/82dgC) 000000000 2013 (4) 2013-07-10 31 /37


http://goo.gl/82dgC

You must define “rejection region” in advance

oooobbooooooon

say, 5%?
DO0o04d s5%00°7?

- N
s

oT ;
gnificant <

— significant (5%)

50 100 150 200 250 300 350

0
|
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A random AD; 5 generator in R

get.dd <- function(d) # JOIODODOOOODOOOOOO

{
n.sample <- nrow(d) # J0ODODO
y.mean <- mean(d$y) # U0 DD
d$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 OTIODOODO

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

observed AD; »
i DOoOoopooooo
‘ < ADLQ =4.5

| | | |

|

0
L | |

50 100 150 200 250 300 350

[ T T T 1
0 5 10 15 20

constant A0 x model DO 0000 AD;

(R code is in the next page)
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Probability {AD; ; > 4.5} = 25 = 0.038

>

>

1000

source("pb.R") # reading "pb.R" text file
dd12 <- pb(d, n.bootstrap = 1000)
hist(dd12, 100) # to plot histogram
abline(v = 4.5, 1ty = 2)

sum(dd12 >= 4.5)

[1] 38

so-called “P-value” is 0.038.
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Il hypothesis ot
nu yYpPoO eSIS ‘

In this case, 00O 00 ) is rejected

alternative hypothesis\‘!’ g
So we can state that gooo -

can be accepted.

x model is better than constant \.

D: deviance
[ X ]

o.o.°. - s
00 4 000y o x model
27 Dy = 470.8
g constant A
0000 o, &~ =m0 Dy = 475.3
@ *: ERERERN

‘ T T T T T
7 8 9 10 1 12

body size x;
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oopooooo oopoooooooo

In case that P > 0.05 ...7

You can NOT state that constant \ is better
AD0D0DO0QOOO0OOOO0O00O0000

Null hypothesw is never accepted

asymmetricity in test

Doooooo :oooot

AW oopoooooooo
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