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ooo

agenda
oo I

Poisson regression
eI 0ODOODOOOOO

response variable  explanatory variable
ogood gy 0O oood x

today’s example: seed number data, again

elLlU:00bbDbUOOOOLbDbOOn

0000ooooobobooo0oo0oOooooooo?
how to specify GLM
eGLMIDDOOOOOO

probability distribution, linear predictor and link function

gbbboogoobboooobn

eROUIODDODDOODOO
gobbboooobbouoooobn

prediction
e LUUUldoouooood 0o
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ooo

agenda

oo II
0000000000000000

eUl0I0OUIO0OUOO0OULOUOLOUOULODUOULOUOOOO
factor type

GLMOODODOODO

gooooooooooooooooo 0000000leg DOOOODOOODOOD
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ooo

doooobobotuooboobooooouoo

http://goo.gl/Ufqg2
00000000 30 0000 e
0000 (GLM)ODD00000
F— IR O20D
Hubt HEHE ) YT AF

e UJ0: 0000
e JUDO: 0000
e 2012-05-18 U O
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ooo

oodooogogooaag?

Generalized Linear Model

oooooooo (GLM)
- 000000 (Poisson regression)
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oooooooooooo oooo y ] oooo z

Poisson regression

L.ogboooboooogood

response variable explanatory variable

oot y 0 OO00O0O =z

gobbboooobobboooon
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statistaical models appeared in the class

obooouobougbogoodgad

The development of Llinear models

parameter
estimation

Hierarchical Bayesian Model MCMC

Be mgre/&Generalized Linear Mixed

flexibte Model (GLMM) e
i;ﬁjgﬁ':};ggts /& 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!”
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ooooooooooog oooo y a] oooo z

suppose that you have a “count data” set ...

00,10,20000000000

0000000 (ye{0,1,2,3,---}0000)

©— o

e JUUD zO0OO0ODLDOUOOOOyOOOOLODODOO
e JO0OO00OO0ODOOODOODOODODOODOODO......
e JO0OODOUODODODOODO?
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ooooooooooog oooo y a] oooo z

the normal distribution sucks!

gooooboooooon ... ooooo?

ggbboboooobboboooobn

Yy o
o] ° \ '
o o .
e T Y B e
_.--°% °ooooooooooooooo
D Sl 000000000000000
e oo o ..00000000000000
e >90e SO T 1
T B 1.0 15 2.0
o] T

e JO0O0OOODODODODLOODODOO?
ey OO O0OOO0ODODODO
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oooo y a] oooo z

the Poisson disribution approximates data

Oo0o0odoboooboboooboboooo?

DDDDDDDDDDDDDDDDDDDD

response variable

oood

©—

05

==

1.0

e JUODDOOOODLDDOOO
e JUODODOOOOODDODO
e JUODODOOOODLDODDOOOODDO
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Oo0: 0o0o0oa ooooooooo 0000DO0O0000O00OOO0O0OOO0O0OO0O0O0?

today’s example: seed number data, again

2. 00: 00000000 ooboood

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

oo
control

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

e 000D (f;=T): 50 sample (i € {51,52,---100})
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O0: 0000000 ooooooo DODO00D0D0000000O00O0O0OOoOoOoooogv?

Reading data file

oooobooouoood

data3a.csv 0 CSV (comma
separated value) format file O O
O0oRODOOOODOOOOOO
godd:

> d <- read.csv("data3a.csv")

b0 dbOobodnog data
frame (O O0OO0O00OO0DO00O)0O0
gobo

kubostat2013c (http://goo.gl/82dgC) 000000000 2013 (3)

godoodg
data frame d O O O

> d

y x £
1 6 8.31 C
2 6 9.44 C
3 6 9.50 C
L..ggoo. ..
99 7 10.86 T
100 9 9.97 T
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O0: 0o0oooa oooooooao

DODO00D0D0000000O00O0O0OOoOoOoooogv?

data frame d 0 0O 0O 0O : d$x, d$y

> d$x
[1] 8.31 9.44 9.50
[9] 9.93 10.43 10.36
..ggoogao...
[97] 8.52 10.24 10.86

> d$y

9.07 10.16
10.15 10.92

9.97

[1] 6 6 61210 4 9 9 9 11

[17] 3 8 5 5 4 11
...00o00o...
[97] 6 8 7 9

kubostat2013c (http://goo.gl/82dgC)

510 6 6

000000000 2013 (3)

8.32
8.85

6 10
7 9

10.61 10.06
9.42 11.11

6 10 11 8
310 2 9
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O0: 0000000 ooooooo DODO00D0D0000000O00O0O0OOoOoOoooogv?

data frame d OO 0O 0: d$f — factor type!

uoboooobooobDb £thodbbuoobboan

> d$f
[f]cccccceccecececececececcececcecceccecceccecccecceccec
[26 CCCCCcCcccccccecececcececcecceccecceccecceccc
B ] TTTTTTTTTTTTTTTTTTTTTTTTT
(76 TTTTTTTTTTTTTTTTTTTTTTTTT
Levels: C T

data type: factor levels
oooooo o000 ob oooooad

levels

gbobcoTtO 200

kubostat2013c (http://goo.gl/82dgC) 000000000 2013 (3) 2013-07-08 15 / 46


http://goo.gl/82dgC

: 0ooooo oooooooo DODO00D0D0000000O00O0O0OOoOoOoooogv?

data type and class

ROOOUOOOOOoOoog

> class(d) # d 0 data.frame 00O

[1] "data.frame"

> class(d$y) # y OO UODOOO integer OO O

[1] "integer"

> class(d$x) # x U0 DOUOOO0OOOO numeric OO
[1] "numeric"

> class(d$f) # OO0 f OO factor OO
[1] "factor"
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O0: 000oooo oooooooo DODO00D0D0000000O00O0O0OOoOoOoooogv?

data frame [0 summary ()

> summary (d)
y X f

Min. : 2.00 Min. : 7.190 C:50
1st Qu.: 6.00 1st Qu.: 9.428 T:50
Median : 8.00 Median :10.155

Mean : 7.83 Mean :10.089

3rd Qu.:10.00 3rd Qu.:10.685

Max. :15.00 Max. :12.400
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0O0: 00000 ooooooooo DODO00D0D0000000O00O0O0OOoOoOoooogv?

you should plot data!! always!!

ODooooooooooo!

> plot(d$x, d$y, pch = c(21, 19) [d$£f])
> legend("topleft", legend = c("C", "T"), pch = c(21, 19))

<_|O0C ¢ °
- T (Y (Y
N o @O0 O
oe oOe e
= e O ©o® °
3 ) ® eEE®O )
T o oe ®@ @oeeeO o
O ®ee o0
©- O® eOW e@®® Oe O e e
o oO® o eee
< o ®0 )
o o )
= o
T T T T T
7 8 9 10 11 12
d$x
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O0: 000oooo oooooooo DODO00D0D0000000O00O0O0OOoOoOoooogv?

oo £f000o0ogf

> plot(d$f, d$y)
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GLM 00000000 : oooo000000000000

how to specify GLM

3. GLMO0O00000O0O

probability distribution, linear predictor and link function

oogobouooboooooon

OOD0O0D0O00O leglinkOOOOOODOODO
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how to specify GLM

oooobooougo

Generalized Linear Model

00000000 (GLM)

probability distribution

. ODOoooag?

linear predictor

.O000oono?

link function

.O0000ono?

kubostat2013c (http://goo.gl/82dgC) 000000000 2013 (3)

0000D00000000O0O0o00

2013-07-08

21 / 46


http://goo.gl/82dgC

how to specify Poisson regression model, a GLM

GLM O0O0OOO0OOobOoooboboooboboooo

Joogoogood

probability distribution Poisson distribution o /o

Rt

e LUOOO 000000
linear predictor i
.O00000: eg., B+ Bax; :

link function log link function

U oobooogn
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how to specify linear regression model, a GLM

GLM O0OOOOOobOoOooOooboooooboo

Jooooogn

probability distribution Gaussian distribution o

e Lo - ogo ) o

linear predictor oo R N ‘
.00000: eg., Bi4 Pox; = ¢ 707
link function identity link function

U oobooogn
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0000D00000000O0O0o00

GLM 00000000

how to specify logistic regression model, a GLM

GLM O00O0O0O0O0O0OO legistic UODDODOOOOOOO

o]

©:

Joooooguoogod

probability distribution binomial distribution
<

e U - gboo

o~

>
]
O
O
O
O

o

linear predictor
* . 8 9 1‘0 1‘1 1‘2
.DDDDD.e.g.,ﬁlJrﬂQazz 1hon000 .

link function

.O00000: logitDODOODO

000000000 2013 (3) 2013-07-08 24 / 46
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Let’s go back to today’s example

dobogobooouooouog

.[os -, seed number y; follows the Poisson distribution
S0 " .2 | 000y000A000000000000
.| 2T et s OODDOO0
::o Oo@l’ g'm"‘ .. )\:LL/Z eXp<_>\1)
7 8 9 d$:<0 112 p(y’b | >\Z) - T
mean

OO0:000 yDOOOODOOOOoOoooboobooo.....

Ai = exp(fB1 + Bax;)

coefficient parameter
e 510 B0 OO (Oooooo)
body size  no f;, for simplicity
e r; UOO 0 DO0D0O0DOf/ 00000000
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GLM 00000000

exponential function
O0ddoooododnd

0000D00000000O0O0o00

i = exp(B1 + fax;)

1
01\ (81,82} (81,82}
\V={-2,-08) ={-1,0.4}
o \
< O] \
< \
Y9} \
[ — \
\
‘< \
o \
iy \
| \
o] N
o AN
~
|
o I I
4 2
kubostat2013c (http://goo.gl/82dgC)
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link function and linear predictor

GLM UOUOOOO0OO0O00000O0O

mean

00000 N

Ai = exp(B1 + Bo;)
()

log link function linear predictor

10g<)\2> = 61 + 5233@
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GLM 00000000

a statistical model for this example

obooobooouoogd

Joobooboooon

probability distribution

e QOO

linear predictor

Poisson distribution

- goouon

.00000: B + Box;

link function

U oobooogn

kubostat2013c (http://goo.gl/82dgC)

log link function

000000000 2013 (3)

0000D00000000O0O0o00
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ROOOOOOOOOO 0o0o00o0O000000000000

4. RO0OOODOOOOCON

Jobdooooouoouoobod

gogboboogobbboooon
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function

gim() OO OO0

> d

y x £
1 6 8.31 C
2 6 9.44 C
3 6 9.50 C
L.ggoo...
99 7 10.86
100 9 9.97

Is that all?

ooogl
> fit <- glm(y ~ x, data = d, family = poisson)
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details of arguments

glm() 00O0D0O0O0O00O
ERERWT 2470 b

ETILR
fit <-=lglm( R
/y ~ Xy
family = poission(link = "log")
data = d

data.frame DIEE

e 000U (DDODOOUO z:00D0D0OCODOOOOY
e link U0: 00000 (y) DOO ODDODODO?
e family: DO ODDOODOOODO?Y
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N A el SR £ 000000000 0000000

recheck

¢lm() 00O0D0O0O0OOO

e family: poisson, U U U U BRHFIRTY U DH
i e N
It 2 o
e link [J[I: "log" % ° LinkBa%k

o 3 log
0000 (00000 2): O ;@A/

giob y ~x0000O0O0O
HRN

00000 z= 61+ fax BERRE
/1,6, 000000000000

000000000 ADDDO log(\) = 2

000 XA=exp(z) =exp(fr + o)

o 0000 D00 ADDDDODOODDDO: y~ Pois(A)

kubostat2013c (http://goo.gl/82dgC) 000000000 2013 (3) 2013-07-08 32/ 46
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output

glm() OO0 OO

> fit <- glm(y ~ x, data = d, family = poisson)

all: glm(formula = y ~ x, family = poisson, data = d)

Coefficients:
(Intercept) X
1.2917 0.0757

Degrees of Freedom: 99 Total (i.e. Null); 98 Residual
Null Deviance: 89.5
Residual Deviance: 85 AIC: 475
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detailed output

glm() 000000000

> summary (fit)
Call:
glm(formula = y ~ x, family = poisson, data = d)

Deviance Residuals:
Min 1Q Median 3Q Max
-2.368 -0.735 -0.177 0.699 2.376

Coefficients:

Estimate Std. Error z value Pr(>lzl|)
(Intercept) 1.2917 0.3637 3.55 0.00038
X 0.0757 0.0356 2.13 0.03358

...... @oooog) ...
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estimate standard error

oo ooon

(o (Estimate 0.0757, SE 0.0356)

(Estimate 1.29, SE 0.364)
b
OﬂO

0.5 1.0 1.5
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oooooooooooo oo ooo0oooOoO00O0oOooooon

prediction

. U oonoooboono oo

oooobboooooobogon

ooopoooooo!
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prediction

oooood od o oo
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gooooooooooo oo go00oooOoOooOooOooooo
model prediction

dooood

> fit <- glm(y ~ x, data = d, family = poisson)

Coefficients:
(Intercept) X
1.2917 0.0757

> plot(d$x, d$y, pch = c(21, 19) [d$f]) # data
> xp <- seq(min(d$x), max(d$x), length = 100)
> lines(xp, exp(1.2917 + 0.0757 * xp))

L]
o ® O
oe ce e

L]
the figure shows the relationship °
oooopoooooooogoo

— ame O @o® L]
between model prediction and data

W
— o e 9060 O
o e oo
Oooooooooooo ]

Oce e ee® O6 O oo

8 10 12 14

dsy

o o e o 000
~ [e] ®0 L]
o o L]
| o
T T T T T
7 8 9 10 11 12

Ad.,
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ooo0ooooooooan ooooo0oooooooo GLM O O0OOOCOO

c. UO0Ouoouooooooonooogn
oooon

factor type

GLIMOOOOOOOO

gobb +d00oobboooobob
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oo0oooOoo0oOoooon oooooooooon GLM O O0OOOCOO

Add fertilization effects

Oooog 0000000

; seed number y; follows the Poisson distribution

.t ..: | 000 w000 A000000000000
3. P T mes s DODODOOO
::o Oo@l’ g'm"‘ .. )\’Zle eXp(_AZ)
R pyi | M) = ——7—
d$x y’L‘
mean

O0:000 ,0O0O00O0OO0OO

i = exp(fr + Bax; + Bsd;)
fertilization effects coefficient
e A3 OOOOOOO O 0O

dummy variable

e 0 DOOOOO

0 (=CcO0D)
1 (fi=T0O0ODO)
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oooooooOoooooad oooooooooooo GLM O O0OOOCOO

output

glm(y x+ £, ...) 000
> summary(glm(y ~ x + f, data = d, family = poisson))
@

Coefficients:
Estimate Std. Error z value Pr(>|z|)

(Intercept) 1.2631 0.3696 3.42 0.00063
X 0.0801 0.0370 2.16 0.03062
fT -0.0320 0.0744 -0.43 0.66703
...... Cooog) ...
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oooooooOoooooad oooooooooooo GLM O O0OOOCOO

model prediction

x+ f 000000

> plot(d$x, d$y, pch = c(21, 19)[d$f]) # data

> xp <- seq(min(d$x), max(d$x), length = 100)

> lines(xp, exp(1.2631 + 0.0801 * xp), col = "blue", lwd = 3) # C

> lines(xp, exp(1.2631 + 0.0801 * xp - 0.032), col = "red", lwd = 3) # T

sy
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oo0oooOoo0oOoooon oooooooooon GLM O O0OOOCOO

multiple explanatory variables

doboouobuobogooooogo

o fi=0C: )\ =exp(1.26 4+ 0.0801z;)
o fi=T: )\ =exp(1.26 4+ 0.0801x; — 0.032)
— exp(1.26 + 0.0801x;) x exp(—0.032)

<o

O

O

O

O ©4 control

o | ooo

-
T I T !
5 10 15 20
godd a
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oo0oooOoo0oOoooon oooooooooon GLM O O0OOOCOO

model interpretation depends on link function

doboouobuobogooooogo

log link function identity link function
(A) Doooooo (B) oogooooo
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probability distribution link function
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statistaical models appeared in the class
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The next topic
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Model selection and statistical test
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