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today’s example: seed number data, again
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today’s example: seed number data, again
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model selection using AIC
@ AICODODO0O0D0O0OO
badness of fit
gooooo0O00: deviance

statistical test
eUuuooog
and its asymmetricity
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What is the “best?” parameter number k7
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body size = and fertilization f change seed number y?

gobbooobbooboboobbodobo

response variable seed number

e [ODOO ooo {y,}
explanatory variable

. gooo

body size

e 000D {a;}

fertilization

e 000D {f;}
sample size
goood
control
e 00O (f;=C): 50 sample (i € {1,2,---50})
fertilization

e OJOOD (f;=T):50sample (i € {51,52,---100})
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a statistical model for this example
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Poisson distribution
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probability distribution
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linear predictor

.00000: B+ Box; + Bafi

link function log link function
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4 candidate models

40000000000: (B) £ model

Ai = exp(B1 + B3fi)

i
59

0000000 oooooO (loglikelihood) DO O OO
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> logLik(glm(y ~ f, data = d, family = poisson))
'log Lik.’ -237.63 (df=2)
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4 candidate models

40000000000: (D) x + £ model

i = exp(B1 + Baxi + B3 fi)

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

kubostat2015d (http://goo.gl/T6c

DO00000000 2015 (d) 2015-07-15 11 /37

SRR o000

4 candidate models

40000000000: (A) constant A

i = exp(f1)
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0000000000000 (log likelihood) DO OO DO

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

40000000000: (C) x model

i = exp(fi + Poxi)
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> logLik(glm(y ~ x, data = d, family = poisson))
'log Lik.’ -235.39 (df=2)
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k increases — log L™ increases
godoobooooboooobooon
(A) constant A0 k =10 (B) £ modell k =20
7 -237.6 ] -237.6
N N Control
(C) x modell k =20 (D) x + £ modell k = 30
" -235.4 *1-235.3
A | Contro
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model selection using AIC

2. AlcCO00000000O0

badness of fit
OO0O0O0D0000: deviance

badness of prediction

00ooOoooo: AIC

00000000 : deviance

output

RO glm() O deviance 0 OO
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AlC 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
. log L* Deviance Residual
of )
model g —2log L* deviance
constant A 1 -237.6 475.3 89.5
£ 2 -237.6 475.3 89.5
b3 2 -235.4 470.8 85.0
x + f 3 -235.3 470.6 84.8
saturation 100 -192.9 385.8 0.0
t2015d (http: DOoo0000000 2015 (d) 2015-07-15 15 /37
AIC 00000000 : deviance
badness of prediction
OO0O0D0O0 : AIC = —2log L* + 2k
Look for a model of the smallest AIC
AlCOO0OO0Oooooo
. log L* Deviance Residual AIC
of )
model g —2log L* deviance
constant A 1 -237.6 475.3 89.5 477.3
£ 2 -237.6 475.3 89.5 479.3
b'q 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
DO00000000 2015 (d) 2015-07-15 17 / 37

> glm(y ~ x + f, 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?
000000000 2015 (d) 2015-07-15 14 /37
AlIC OoopDooooo0 : deviance
Null deviance, Residual deviance, ...
Max deviance475.3 constant A
470.8 | e x model
o] e}
© a
o o
z Eil
< @
Deviance = 2
—2logL*| |2 |§
aq i
(badness of fit) 5 g
o 5
38
Min deviance 385.8 saturation model
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AIC oopooooon : deviance
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AIC 00000000 : deviance
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AIC 00000000 : deviance
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statistical test

3. 0000000

and its asymmetricity

opoooooooog

likelihood ratio test

ooooo ooo
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model selection statistical test
totally different in their objectives
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Objective

oorv

model selection

googo:

Look for a model of better prediction

Uooobooboooooon

statistical test rejection of null hypothesis

gooood:-bobobbbbn

described later
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The same example, again

ooooono

D:

deviance

x model
d Dy = 470.8
constant A
Dy =475.3
gooo

10 12 14

o0

seed number y;

10 11 12
body size x;

l 7 8 9

neglect fertilization treatment
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oooooooooog

objective null hypothesis g rejection
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observerd
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m‘ significant not significant
ot .
L s .

(Reject @ (Not reject @ il )

an,

TRUE Type I error (no problem)

NOT true (no problem) Type II error

asymmetricity in test  evaluating only Type-I error

goboo0ooOo 00000000000
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But their procedures are similar
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test statistics

00000 AD,

difference in deviance AD; 9 = Dy — Dy = 4.51 = 4.5

likelihood ratio? — log % =log L} —log Lj
2

log L* Deviance
model k 08 —2log L*
null hypoth(‘,sis(,\ W
constant A 1 -237.6 Dy = 475.3 oooo G
alternative hypothesisc‘; ]
x 2 2354 Dy = 4708 0000 L'..Lﬂ

asymmetricity in test Null hypothesis is junk
oooo0ooOOo:0000000Dbo0o0o
... yet we are focousing only on null hypothesis

gooboOoO0oOoooooooOoOoOooooooo
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generate AD; > distribution bootstrap likelihood test
AD,, 000000 0000000000000

Suppose null hypothesis is TRUE!
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/;W‘ You must define “rejection region” in advance
How to generate AD;5; under &M is TRUE? J000000o0O0Dooooog
say, 5%7
oooo 5% 007
> d$y.rnd <- rpois(100, lambda = mean(d$y))
y p y 2_NOT ;
> fitl <- glm(y.rnd ~ 1, data = d, family = poisson) 2 significant
ISE '
> fit2 <- glm(y.rnd ~ x, data = d, family = poisson) o
2 ' -
> fitl$deviance - fit2$deviance ; = significant (5%)
& '
3 3
generation of random numbers  virtual data =7 :
e rpois() OO0 goooooooo (ooooo) 8-
fitting GLM to the virtual data o_| ;
e JO0000O00DD gim(O) OODODO © :
T T T T 1
0 5 10 15 20
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A random AD;, generator in R

get.dd <- function(d) # 00 000000000000

{
n.sample <- nrow(d) # 0000
y.mean <- mean(d$y) # OOO0O
d$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)
fiti$deviance - fit2$deviance # OO0 D OODOOD

¥
pb <- function(d, n.bootstrap)
{
replicate(n.bootstrap, get.dd(d))
¥

DOoo0000000 2015 (d) 2015-07-15 33/37

Probability{AD; ; > 4.5} = 135 = 0.038

\4

source("pb.R") # reading "pb.R" text file

\2

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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INEECEEEEN cccooconoo
Generated distribution of AD;s = D; — D,

observed AD1
. 0Doooooooo
i ADyp =45

50 100 150 200 250 300 350

0

r T T T 1
0 5 10 15 20

constant A x model 000000 AD;»

(R code is in the next page)
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oooooooooog
null hypothesisﬁ
In this case, 0000 G s rejected
alternative hypothesis\; L ‘i“
So we can state that oooo EEV can be accepted.
x model is better than constant A.
D: deviance
e
0.0.'. <
oo g ooo y = x model
2 Dy = 470.8
g constant A
oood z; = Dy =475.3
= ¥
SN
’ % S S S S
7 8 9 10 ]1 12
body size x;
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In case that P > 0.05 ...7

No conclusion
oooooooo ...

You can NOT state that constant A is better
A0000000000O0Ooo0gg

Null hypothesis is never accepted

asymmetricity in test
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