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statistaical models appeared in the class
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The development of Llinear models
parameter
estimation

Hierarchical Bayesian Model MCMC

Generalized Linear Mixed
Model (GLMM)

Incoporating
random effects
such as individuality

Be more
flexible

MLE
Generalized Linear
Model (GLM)
Always normal

distribution?
That’s non-sense!

MSE
Linear model

Kubo Doctrine: “Learn the evolution of linear-model family, firstly!”
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the normal distribution sucks!
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the Poisson disribution approximates data
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(dice) Probability distributions as parts of model

guobouddgd: gbdooboibd R

http://wuw.r-project.org/

00000 OSO000 free software
.00dodogoogo
.000oooad
.Sunuuuouooogoaa

- Rstudio http://www.rstudio.com/

2015-07-08

kubostat2015b (http:

000000000 2015 (b)

11/ 52

oooobooooo
ooooooobogoon
Ooooobooooooooal

kubostat2015b (http://goo.gl/76c4i 0OO00O0000 2015 (b) 2015-07-08 8 /52
Probability distributions as parts of model
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Probability distributions as parts of model
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> load("dice.RData") <
> length(d) ‘ D) - -
[1] 1000 ) Gy )
A Y
N\

> table(d)
d

1 2 3 4 5 6 \’\ o
191 155 159 181 151 163 )
> plot(1:6, c(table(d)), ylim = c(©, 300))

> abline(h = 1000 / 6, col = "#ff400080", lwd = 3)
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s o 1000/6 = 166.66...7
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000000000 2015 (b) 2015-07-08 13 /52

(dice) Probability distributions as parts of model
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> table(d)
d
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(dice) Probability distributions as parts of model

M+ JODHHET IV CTEBCL
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> v.prob <- table(d) / 1000 o =~
> replicate(8, table(sample(1:6, 1000, ® o
+ replace = TRUE, prob = v.prob))) N0 @
et Uood 1474 o2 Uize ieh led ior
2 156 159 158 164 160 141 154 151 "F?)j\
3 173 161 195 180 177 153 147 173
4 176 171 173 177 189 174 200 190
5 147 157 152 139 138 171 122 130
6 163 151 148 138 157 168 179 159
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(dice) Probability distributions as parts of model
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> table(d)
d
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(dice) Probability distributions as parts of model
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> # Y000 1000 ES)%E 1000 EH3 o ~ 7
> sim1000 <- replicate(1000, | O
+ table(sample(1:6, 1000, replace = TRUE, A/

+ prob = v.prob)))

> # 5 &% 6 AZLTHEEIE?

> sum(simlee0[5,] > sim1l000[6,])
[1] 247

> # 3 &% 4 HNELTREHIE?

> sum(sim1000[3,] > sim1eE0[4,])
[1] 111

> #5 &) 6 A3

NEEIC,3 Dt 4 B TRHERKIE?

> sum((sim1000[5,] > sim10E0[6,])
+ * (sim1000[3,] > sim1060[4,]))
[1] 35
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(dice) Probability distributions as parts of model

(S JOOKRETETIV] [(CTEDCE

T JLBEIROIRE
ETILER

EFTIV: p BNIANTEHELWN
: EFIEES

/)
F—53

Sl . 1eeeEYr 05D
¥ 1000/6 = 166.66...?

4 5 6
000000000 2015 (b)

2015-07-08 19 / 52

(dice) Probability distributions as parts of model
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number of seeds per plant individual
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[11 2246452312043333427243334
[26] 3753176465247226245451323
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apply table() to categorize data
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5\\\ O table() 000D0O0OOOOODOOOOO

> table(data)
01 2 3 4 5 6 7
1 3111210 5 4 4
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How to evaluate mean value using R?

> mean(data)
[1] 3.56

mean(data))

> abline(v =

Histogram of data
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Frequency
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data
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probability distribution, the core of statistical model
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start with data plotting, always
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> hist(data, breaks = seq(-0.5, 9.5, 1))
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statistics to represent dispersion
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sample variance
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> var(data)
[1] 2.9861
sample standard deviation
gooooo 0000O0DOoDoOO (SD = vvariance)

> sd(data) ~ Histogram of data

- ooooooo
[1] 1.7280 = 000D0000: 000000

5o .
>sqrt(var(data)) g5 gooooooo:o0pooooo
[1] 1.7280 E<
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> table(d)
d

1 2 3 4 5 6
191 155 159 181 151 163

REF—5
s P2 Py . P lupmsransor
L ! Py~ Pyioooss - 166.66...2

1 2 ! s 6

000000000 2015 (b)

kubostat2015b (http:

2015-07-08 30 /52




kubostat2015b

p.6

I EEEEEEERRN - v e o o

empirical distribution
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> data.table <- table(factor(data, levels = 0:10))
> cbind(y = data.table, prob = data.table / 50)
y  prob
o Histogran of data 0 1 0.02
b & 1 3 0.06
g A 2 11 0.22
§° Ei, 3 12 0.24
o i 4 10 0.20
- s 5 5 0.10
R R 6 4 0.08
data y
7 4 0.08
8 0 0.00
<U0OU0Ob0O DOUbDOO O ObOO0 o o .00
10 0 0.00
oo ooogoo
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015b (http://g 000000000 2015 (b) 2015-07-08 31 /52

I EEEEEEERRN - <o e o e

O0000o0oooooooooooCocooOoOooooooo?

.uuuddoooooo spoogro
ggn

LU uooorgoobgad

.Ugubbouooooboooobd
O(@0OooOOobooooobon)

DO0O0000000 2015 (b) 2015-07-08 33 /52

N EEEEEEEEER o o e oo of satistical modal

the Poisson distribution
Jdodddooooooooaz?
o000 ROODOOOOO
>y <- 0:9 # 000000 (OOO0O)
> prob <- dpois(y, lambda = 3.56) # 000000000000
> plot(y, prob, type = "b", 1lty = 2) > # cbind 0O00DODOO
- > cbind(y, prob)
S 00 (A 0356000 y prob
g “.. Poisson disfribution 1 0 0.02843882
g2 ° 2 1 0.10124222
s39 ° 3 2 0.18021114
8 4 3 0.21385056
° 5 4 0.19032700
S T T T — 6 5 0.13551282
0 2 4y ° 8 7 6 0.08040427
8 7 0.04089132
9 8 0.01819664
10 9 0.00719778
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Mathematical expression of the Poisson distribution

0000 (DOODO0O0OO0)0ooooooooo

probability
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the Poisson distribution represent data?
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Histogram of data

8 10 12

Frequency
6

4

> hist(data, seq(-0.5, 8.5, 0.5)) # 00000000000

> lines(y, prob, type = "b", 1ty = 2) # 000000000000
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00o0ooOo xOoooOooooaoad
> # cbind 000000
> cbind(y, prob)
N prob
1 0 0.02843882
2 1 0.10124222
g 3 2 0.18021114
R 4 3 0.21385056
! 5 4 0.19032700
6 5 0.13551282
7 6 0.08040427
e IO NJODOOODODODDOOODODDO 8 7 0.04089132
e JOOIDODDODOO NDDDODOAN>00 9 8 0.01819664
e 000D0D0000O: A=00 =00 109 0.00719778
eyc{0,1,2 --,00} 0000000000 y000000000 10
oo
oo
Doplyl =1
y=0
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A changes the shape of distribution
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maximum likelihood estimation
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goodness of fit
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« 00000000000 30000000000
{y1, y2, w3} =142, 2, 4000000000000000000
0.180 x 0.180 x 0.19 = 0.006156 00000 OO0
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_ probability distribution, the core of statistical model
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count data
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mean = variance
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maximum likelihood estimation of parameter A
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“fitting” = “parameter estimation”
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likelihood L()\) depends on the value of mean, A

00 L(\)0O000O0O0O0 AD000O
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L(\) = (;n0O200000)x (0 200000)
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= p(yr | A) xp(y2 | A) xplys [ A) x -+ x p(yso | A)
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evaluate not likelihood, but log likelihood!
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log L(\) = >
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seek the maximum likelihood estimate, h\
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log likelihood

- 00000 (ML estimator): Y, v;/50
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AO000O00
log L(A) = Y, (yilog A — A = "% log k)
.p6
2‘.0 2.‘5 3[0 3‘.5 4.‘0 4.‘5 5[0
- 00000 (ML estimate): A =3.56 00O
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goboooooooo
gooooooooooooo
000000000 2015 (b) 2015-07-08 47 / 52

A changes the log likelihood, i.e., goodness of fit

A000000C0O00DOO0O0OOCO0ODOO

@ larbda = 2.4 @ larbda = 2.8
log L= -109.4 log L = -102.0
EJ EJ
T T 1 T T
02 46 8 02 456 8
29 anbda = 3.6 2

log L = -97.3 lo

i 1

anbda = 4.8 S
log L = -106.0 o

.

]
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no one knows “the true \” based on finite size data
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prediction probability distributions appeared in the class
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