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Poisson regression, a generalized linear model (GLM)
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statistaical models appeared in the class
O0o00o0o0oo0o0oooon
The development of Llinear models
parameter
Hierarchical Bayesian Model oo,
Be nore Generalized Linear Mixed
flexivte Model (GLMM) .

Incoporating
random effects
such as individuality'

Generalized Linear
Model (GLM)

Always normal
distribution?
That’s non-sense!

MSE
Linear model

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

000000000 2015 () 2015-07-13  7/47
the normal distribution sucks!
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suppose that you have a “count data” set ...
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the Poisson disribution approximates data
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body size = and fertilization f change seed number y?
godoobooooboooobooon
response variable seed number
e [ODOO god {y,}
explanatory variable
. gooo
body size
e 000D {a;}
fertilization
e 0DDD {fi}
sample size
oood
control
e OO0 (f; =C): 50 sample (i € {1,2,---50})
treated
e JODODO (fi=T): 50 sample (i € {51,52,---100})
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Reading data file
go0o0oo0ooooood data frame d OO0 O: d$x, d$y
« goooo > d$x
data3a.csv J CSV (comma data frame d 0 OO [1] 8.31 9.44 9.50 9.07 10.16 8.32 10.61 10.06
separated value) format file 0 0 0 O 54 [9] 9.93 10.43 10.36 10.15 10.92 8.85 9.42 11.11
ROODOODOOOOOOO0O0OO0O: ; . £ -..0ooo...
[97]1 8.52 10.24 10.86 9.97
1 6 8.31 C
2 6 9.44 C
> d <- read.csv("data3a.csv") > dgy
3 6 9.50 ¢ [1] 6 6 61210 4 9 9 911 610 6 10 11 8
000040000000 data -.0nog... [17] 3 8 5 5 411 510 6 6 7 9 310 2 9
frame (0O00000) 0000 99 7 10.86 T ...0ooo...
100 9 9.97 T [971 6 8 7 9
oo
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data type and class
data frame d 000 0: d$f — factor type! ROODODOOOOOOOOO
O00o000d0oooOo00o0 f000o0oooooooo
> age > class(d) # d 0 data.frame OO0
n n
M1 CCCCCCCCCCCCCCCCCCCCCCCCC (1] "data.frame
[26] CCCCCCCCCCCCCCCCCCCCCCCCC > class(d$y) # y UOODOOO integer UOD
5121 TTTTTTTTTTTTTTTTTTTTTTTTT [1] "integer"
[76] TTTTTTTTTTTTTTTTTTTTTTTTT > class(d$x) # x 000000000 numeric JOO
Levels: C T [1] "numeric"
data type: factor levels > class(d$f) # 00O f OO factor OO0
Do0o0D:0080000000000 [1] "factor"
evels
gpoocoTO 200
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_ 000000000000000000000007 000000000000000000000007
you should plot data!! always!!
data frame [0 summary () oooooooooooot
> plot(d$x, d$y, pch = c(21, 19)[d$£f])
> summary(d) > legend("topleft", legend = c("C", "T"), pch = c(21, 19))
y x f s ]ec "
Min. : 2.00 Min. : 7.190 C:50 ol Lt L
1st Qu.: 6.00 1st Qu.: 9.428 T:50 o .,
Median : 8.00 Median :10.155 2o P
Mean : 7.83 Mean :10.089 o] oe vom eaom oe o e
3rd Qu.:10.00  3rd Qu.:10.685 <’ ST
Max. :15.00 Max. :12.400 o~ °
T T T T T
7 8 9 10 11 12
d$x
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> plot(d$f, d$y)
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how to specify GLM

ooooobooooog

Generalized Linear Model

00000000 (GLM)

probability distribution

. Joooog?

linear predictor
.000onoog?

link function

.000ooo?
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how to specify linear regression model, a GLM

GLM OOOOOOOOOOoOoOoooooooo

gooouogoon

o o
probability distribution ~ Gaussian distribution I
. OO Oooon s
linear predictor 9o~ To0 o
oo
s 10 15 o

.00000: eg., B+ Box;

link function identity link function

-.Ub0bug:bboobDbo
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how to specify GLM

.GLM O0O0O0Oooooo

probability distribution, linear predictor and link function
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GLM OO oooooooooooooooo

how to specify Poisson regression model, a GLM

GLM OOOOCOCOOOOOOOOODODOOOOOO

0000000000 .

probability distribution Poisson distribution o fo

- 0000 :o0oobd i
linear predictor - g ’

< o i o —ee—& —

00000 eg., B+ Box; h

eg., P 2L o

link function log link function

.U gooooon
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GLM 00 oooooooooooooooo

how to specify logistic regression model, a GLM

GLM OOOOQOOO legistic0OOOOOOODOO

googogoooooon

binomial distribution

good

probability distribution

- oo

linear predictor

oooo0 vy

.00000: eg., B+ Box; AN

0oobooooo =;

link function

L00000: logit0000ODO
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GLM oooooooooooooooo

result cause??

000 « 00 (00?)0oo0oooooooo

e J0: 0000
e J0: 0000
e JO OO0 (linear predictor):
(Doooooo)=00 (oD)
+ (00 1)x(OOoOoD 1
+ (00 2)x(0OoOo0o 2)
+ (00 3)x(Oooo 3)
+
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oooooooooooooooo

Let’s go back to today’s example

obOobOooOooooooon

seed number y; follows the Poisson distribution

000y 000 ;000000000000 O
ooooo

Miexp(=A;)
e plyi | A) = F—7—=
o yi!
mean

Oo0:000 OOOOOOoOoOooOoOooDOoOoobOoO......?
Ai = exp(B1 + Box;)
coefficient parameter
.50 B0 OO0 (DOODOD)
body size no f;, for simplicity

ey, 000 «00000D0f{000000D0D
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link function and linear predictor

GLM O OOOOOOODOOOO

mean

gd:ogg N

Ai = exp(f1 + Ba;)
()

linear predictor
log(A;) = B1+ B
log link function linear predictor

log(00)=00000

log link function

log0O0O000O0O0DDODOOOOOOOOOOOODODODDOO
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GLM
GLM functions in R

ROOODODOOODO

oooooooooooooooo

probability distribution  random number generation GLM fitting
oooo oooo GLIMOOOD
(OD0) OoOoooooo rbinom() glm(family = binomial)
oooo rbinom() glm(family = binomial)
oooooo rpois() glm(family = poisson)
oooooo rnbinom() glm.nb() in library (MASS)
(0O0) ooooo rgamma () glm(family = gamma)
oood rnorm () glm(family = gaussian)

e clm() JODO0ODOOOOOOODODOOO

e GLMUUOODDOODOOOODDOOOOODODDOOOOODDOODOOODDODOO
gOoboo00O0oOooO0oooO0oooo

e N00OUODODO ODOLO GLMUOUOOODOOO

000000000 2015 (c) 2015-07-13 26 / 47

exponential function

ooooooooooo?

oooooooooooooooo

Ai = exp(f1 + Ba;)

\{B1, B2}
v ={-2,-08}

{B1, B2}
— (1,04

000 N
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oo 00000 a;
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a statistical model for this example
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gogooooood

Poisson distribution

:gooooo

probability distribution
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linear predictor . o
LO00000: By + Pox; e S S
link function log link function
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4. RO GLMOOOOOODOOODO
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details of arguments

gln() OOODOODOOO
faRzZMT 247U b

EspE

fit) <-{glm|
"V ~ xp<—tTIR
family =
data = d
) data.frame DIFTE

HEITHDIEE

/

poissonilink = "log")),

Y BB OIEE
(EBEw)

e 00D (0DLUDU 2:000DO0DODODOY
e link00: 200000 (yy UOD OOODO?
e family: DO ODOOOODOOO?
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output

glm() OODO 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);
89.5
85 AIC: 475

98 Residual
Null Deviance:
Residual Deviance:

kubostat2015¢ (http://g:
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R GLM oooooo0oO0o0ooO0O0oO0oooon

function

glm() 00O OO0

>d

y x f
1 6 8.31 C
2 6 9.44 C
3 6 9.50 C
...0ooo...
99 7 10.86 T
100 9 9.97

Is that all?
gooo!
x, data = d, family = poisson)

> fit <- glm(y ~

000000000 2015 (c) 2015-07-13 32 /47
T GLM oooooo0ooO0oOoooooooo
recheck
gln() 000000 OO0
e family: poisson, DO OO BEAHIRT Y V27
i
oo o >
b S0 "
e link 0 0O: "log" % : L'";E??;
. 0000 (00000 2): O
oboo0y " xO00O0OO0O0OO
oo o
o 00000 z=8 + fox BHES
f1,f 00 0000DOOODOODO
o 00000000 ANODOO log(A) ==
000 X=exp(z) = exp(fi + fax)
o U000 00D ANDOUDQUODODODO: y~ Pois(A)
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detailed output
gln) 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(>|z|)
(Intercept) 1.2917 0.3637 3.55 0.00038
X 0.0757 0.0356 2.13 0.03358
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estimate standard error

oooo oooo
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gooogano:

.00 p0 0000000 00000000
.p00000000 000 40000000000
.pDO5DDDDDDDD3DDDDDD

000000000 2015 (c)

(Estimate 0.0757, SE 0.0356)

(Estimate 1.29, SE 0.364)
A
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factor type

GLMOOOOOOoOoOo

Oooo +000 coooooOooo
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R GLM oooooo0oO0o0ooO0O0oO0oooon

model prediction

goooon

> 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 =
> lines(xp, exp(1.2917 + 0.0757 * xp))

100)

the figure shows the relationship
goooooooooboooooo
between model prediction and data

gooooooooooo

T
7 8 9 10 1 12

Ady
2015-07-13
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Add fertilization effects

000 £,0000000

seed number y; follows the Poisson distribution

000y 000 000000000000 O
ooooo

O

0
B

A Aiexp(—\
T T OT Py | M) = lifl)
dsx Yi-

00«00 D A 00000000

Xi = exp(fB1 + Poxi + P3d;)
fertilization effects coefficient
e fs0 000DOOOO O og
dummy variable
e ;0 DODDOO
d = 0 (fi=cO00O)
‘11 (fi=TOODO)
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model prediction

x+ £f000000

> plot(d$x, d$y, pch = c(21, 19)[d$f]) # data
> xp <- seq(min(d$x), max(d$x), length = 100)
exp(1.2631 + 0.0801 * xp), col = "blue",
> lines(xp, exp(1.2631 + 0.0801 * xp - 0.032), col =

> lines(xp, lwd = 3) # C

"red", lwd = 3) # T

(http:/ 000000000 2015 (c) 2015-07-13 39 / 47
output
glm(y ~ x + f, ) 0oo
> summary(glm(y ~ x + f, data = d, family = poisson))
(O). ..
Coefficients:
Estimate Std. Error z value Pr(>|zl|)
(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
...... @aoooo) ...
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multiple explanatory variables model interpretation depends on link function
dddddddddddoooooooo dddddddddddoooooooo
) log link function identity link function
o fi=C: A\ =exp(1.26 + 0.0801z;) (A) DOOODOO (B) ©0ODDOOO0OO
o fi=T: )\ =exp(1.26 + 0.0801z; — 0.032) A=exp(fr+ fox+---) A=pB1+ Box+ -+
= exp(1.26 + 0.0801z;) x exp(—0.032) multiplicative additive
<o ooo ooo
; 0000000 exp(—0.032) O o
<
59 gooooooooog! =
O=7
O O
O
g+ control
O googd 7
fertilizatiop
oooo 5 10 15 2 5 10 15 20
7 oooo z; oooo
5 52
ooog xz
kubostat2015c (http://goo.gl/76c41) DooooOoooo 2085 (<) 2015-07-13 43 /47 kubostat2015c (http://g: DooooOoooo 2085 (<) 2015-07-13 44 /47
probability distribution link function statistaical models appeared in the class
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statistaical models appeared in the class
goooobooooooooon DDDD
The development of linear models The next topic
parameter (A) k=1 B) k=7
Hierarchical Bayesian Model B °
y MCMC = Too sisnp?e? ° 1 Too c%!nglex?
. o q s o N4 o 00 0
Be more Generalized Linear Mixed > 00 000 - 00 000
flexible [=hall & o ] o oame o
Mode L (GLMM) MLE 0 o] 0.0-.0..@OO®-0 0 00 @Om' 0
o 0 o® 0 o®
Incoporating . . o © oG 00 0 00 ©- o oG 00 0 00
randon offootd Generalized Linear NRCET o B
such as individuality™= Mode [ (GLM) o o o o o o
| o o °
T T T T T T T T T T
Always normal MSE 7 8 9 10 11 12 7 8 9 10 11 12
distribution? oooo z oooo z
That’s non-sense! Linear model |:| D I:I |:| D I:I |:| D I:I |:| D I:I
Kubo Doctrine: “Learn the evolution of linear-model family, firstly!” Model selection and statistical test
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