odelos Lineare

unificacao metodoldgica

~ Alexandre Adalardo de Oliveira

PlanECO 2019



Modelos Lineares
lgeneyalizados

=
]
-
Al a I I
|I II IIIII 2 A I .-H-': 'l I :
. X A S (i i
L ,n""-_-"l - - _"_ |
: o = |
Ll " | s, A =
- x. _-'I i !! I S f
o ek T L]
Sl .II||I| i L.

PIAnEco

)




Modelos Lineares
Geveralizados (GLMs)

Conceifos Tratados

e estrutura do ervo

e preditora linear

e funcao de ligacao

e inverso da funcao de ligacao



Modelos Lineares
Geveralizados (GLMs)

Outros Conceitfos

e Veyrossimilhanca (MLE)
e Quasi—Likelihood
e deviance



Estrutura do Ervo

Confagem de arvores em Parcelas

Completa Aleatoriedade Espacial




6LMs: conceltos
Funcao de ligacao

e a2 funcao de ligacao ¢ aplicada na Esperanca (valor esperado) da
variavel resposta aleafdria:

n=g(u)
Predifor Linear

e 0 preditor m € a resposta linear da soma de uma ou mais preditoras
p
n=a-+t Zﬁjfﬂij
=1
Funcao Inversa

e a funcio inversa da ligacao retorna a escala da preditora
Y =g(n)"



Funcao de ligacao: candnica

e dependendo da esfrutura de erro ha uma funcio de
ligacdo padriao

resposta residuos ligagao
continua  gaussiano  identidade

confagem  poisson
propor¢ao  binomial

binaria binomial
LMs sao GLMs com tuncao de ligacao

identidade

n=1I(Y)

A

77:Y 2.6



6LMs x Trantormar LMs

Modelo Transtormado de LMs

f(y)
f(Y +¢€)

e franstorma o valor observado (predito mais o
residuo)

Funcao de Ligacao
f(Y)

e franforma apenas a experanca da variavel aleatoria
e preserva a estrufura do residuo

e modela a esfrutura do residuo na escala original
(Poisson, Binomial..)



Estruturas de ervo

Frequéncia
Frequéncia

I — | | _| ! 1 —
] ]

2 4 2 4 6
Contagem de arvores (média = 1) Contagem de arvores (média = 2)

Frequéncia
Frequéncia

5 10
Contagem de arvores (média = 5) Contagem de arvores (média = 10)




Dados de Contagem

confagem € limifada no zero

valores discretos (inteiros)

varidncia nao é constante (aumenta com a média)
ervo nao Tem distribuicao normal

valores inteiros (nao continuos)

Funcao de ligacao



Examplo: Contagem de
espécles

e Biomassa e ph do solo estdo relacionados 3
coexisténcia de espécies

pH Biomass Species
| 0,4692972
| 1.7308704
- 2.,0897185
0,1715762.1
1,3767783

25510426
0.1008479
0,138591
0,8635151




Grafico: vigueza de espécies

5.0
Biomass




glmel <- gim(Species ~ Biomass + pH + Biomass:pH,
poisson, arv)
anova(glmol, "Chisq")

Analysis of Deviance Table

Model: poisson, link: log

Response: Species

Terms added sequentially (first to last)

NULL
Biomass 1

H
Biomass:pH 2

Signif. codes:




C
?m(formula ?pec1es ~ Biomass + pH + Biomass:pH,
ata = arv

Deviance Residuals:
Min 18
-2.4978 -0.748
Coefficients:
é{ntercept)
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Signif. codes: 0 0.001 0.1

(Dispersion parameter for poisson family taken to be 1)
Null deviance: 452.346 on 89 degrees of freedom

R%Eldg?k g8v1ance 83.201 on 84 degrees of freedom

Number of Fisher Scoring iterations: 4
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glmO2 <- glm(Species ~ Biomass + pH, poisson,
anova(glm@l, glm0O2, "Chisq")

Analysis of Deviance Table

Model 1: Species ~ Biomass + pH + Biomass:pH
Model 2: Species ~ Biomass + pH
Resid. Df Resid. Dev Df Deviance Pr(>Chi)
1 84 83.201
2 86 99.242 -2 -16.04 0.0003288 ***

Signif. codes: 0 '"***' 0.001 '**' 0.01 '*'" 0.05 '.' 0.1 ' ' 1



do nosso modelo




## (Intercept) Biomass

##  3.7681236 -0.1071298

## [1] 3.717773

## [1] 2.96465



Predifo pelo modelo

e alfo pH, biomassa 0,47 e 1,5




## [1] 41.17258

## [1] 19.38792



Predifo: tuncio inversa

exp(n) ou exp(d + B * )



5.0
Biomass




6LM: modelo de contagemn

faca o modelo cheio usando a familia de ligacao ell3zeladlele

avalie 0 sobre—dispersao do erro pela razao:
deviance/degrees ot ftreedom

se o valor da razdo for muito maior que 1, ajuste o modelo cheio
novamente com a tamilia PNERIZeRIeL

se a sobredispersio persistiv uma alternativa e modelar o residuo

. . .

com a |JIIEIME<EMVEN (Um parametro a mais relacionado 3
agregacao

compare os modelos simplificados com o mais complexo usando

" com el use 0 argumento IEANCEMAI S
" com PUERIERRE] Use O argumenio EaicEa

retenha o modelo minimo adegquado

reforne os coeficientes e predifos do modelo para escala original
(antilog)

.20



#(Dispersion parameter for poisson family taken to be 1)
# Null deviance: 452.346 on 89 degrees of freedom

# Residual deviance: 83.201 on 84 degrees of freedom
# AIC: 514.39
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6LM Binomial

e Proporcao (sucessos/Tentativas)
e Binaria:

= SIm X Nao

" vivo x morTo

= germinou X nao germinou

limite [0—1]

variancia depende da média



GLM Binomial: estrutura do
ervo



Frequéncia
Frequéncia

2 4 2 4 6
Numero de sucessos (p=0.1) Numero de sucessos (p=0.2)

Frequéncia
Frequéncia

10.0 6 8
Numero de sucessos (p = 0.5) Numero de sucessos (p=0.9)

75

25 50




G6LM Binomial: variancia

0'2 — npq
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0.25 0.50 0.75
Probabilidade de sucesso




GLM Binomial: odds ratio

Razao de Chance
e probabilidade : sucessos/Tentafivas
e chance: sucessos/falhas
n = tentativas

P = SUCESSSOS
g - falha

G =0 = P

log(z) = a + bx



6LM Binomial: logit

Log da Razao de Chance (log(0dds Ratio))
nzlog(z)

Y )

— 1
M Og(1

a + bx
1 —a -+ bx

)

n = log(
T — 00;Yp, — 1

r — —o0o;Y, — 0



6LM binomial: florescer

tlowered number dose variety




Gratico dos dados
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Variavel resposta

e combinacio de sucesso e falhas
sucesso fTalha




Mw
SUcCesso alna




Analysis of Deviance Table
Model: binomial, link: logit

Response: yb

Terms added sequentially (first to last)

Df Deviance Resid. Df Resid. Dev Pr(>Chi)
NULL PAS) 303.350
dose 1 197.098 28 106.252 < 2.2e-16 ***
variety 4 9.483 24 96.769 0.0501 .
dose:variety 4 45.686 20 51.083 2.863e-09 **x*

Signif. codes: 0 '***' @.,001 '**' 0.01 '*' 0.05 '." 0.1 ' ' 1




#i#t
#i#t
#i#t
#i#t
#i#t
#i#t
#i#t
#i#t
#i#t
#i#t
#i#t
#i#t
#i#t
#i#t
#i#t
#i#t
#i#t
#i#t
#i#t
#i#t
#i#t
#i#t

NTTA

Call:
glm(formula = yb ~ dose + variety + dose:variety, family = bino

data = flor)
Deviance Residuals:

Min 1Q  Median 3Q Max
-2.6648 -1.1200 -0.3769 0.5735 3.3299
Coefficients:

Estimate Std. Error z value Pr(>|z])
(Intercept) -4.59165 1.03215 -4.449 8.64e-06
dose 0.41262 0.10033 4.113 3.91e-05
varietyB 3.06197 1.09317 2.801 0.005094
varietyC 1.23248 1.18812 1.037 0.299576
varietyD 3.17506 1.07516 2.953 0.003146
varietyE -0.71466 1.54849 -0.462 0.644426
dose:varietyB -0.34282 0.10239 -3.348 0.000813
dose:varietyC -0.23039 0.10698 -2.154 0.031274
dose:varietyD -0.30481 0.10257 -2.972 0.002961
dose:varietyE -0.00649 0.13292 -0.049 0.961057
Signif. codes: 0 '***' @.001 '**' 0.01 '*' 0.05 '.

* %k xk
* %k xk
* xk
* xk

* %k xk

* xk

0.1 " "1



## (Dispersion parameter for binomial family taken to be 1)




bin02 <- glm(yb ~ dose + variety, flor, binomial)
anova(bin@l, bin02, "Chisqg")

Analysis of Deviance Table

Model 1: yb ~ dose + variety + dose:variety
Model 2: yb ~ dose + variety
Resid. Df Resid. Dev Df Deviance Pr(>Chi)
1 20 51.083
2 24 96.769 -4 -45.686 2.863e-09 **x*

Signif. codes: 0 '"***' 0.001 '**' 0.01 '*' 0.05 '.' 0.1 ' ' 1



6LM Binomial: grafico do
modelo
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predict(bin0l)

1 2 3 4 5
-4.1790352 -2.941186% -1.29072@8 2.@102098 8.6120711
7 1 11
-1.2504982 -0.9713115 -0.4129381 0.7038087 -3.1769379
13 14 15 16 17
-1.9013292 -0.4434907 2.4721863 -1.3087930 -0.9853868
19 20 21 22 23
0.3082377 2.0330705 -4.9001833 -3.6818046 -2.0572996
25 26 27 28 29
7.6897302 -4.5916515 -1.5296848 -3.3591677 -1.4165950




1/(1+ 1/exp(predict(bin0l)))

1 2 3 4 5
0.015082316 0.050154732 0.215730823 O.88186488g 0.999818136 0.1
7 1 11
0.222613918 0.274619176 0.398207832 0.669031659 0.040042874 0.0
13 14 15 16 17
0.129958109 0.390909521 0.922168829 0.212688893 0.271824227
19 20 21 22 23
0.576455053 0.884225776 0.007390197 0.024559161 0.113316872
25 26 27 28 29
0.999542708 0.010034395 0.17/8039802 0.033596235 0.195195932
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#H# StudRes Hat CookD
## 9 3.6262074 0.1640033 0.2465669
## 10 -4.3712682 0.8793205 14.0234875

## 20 -3.0231527 0.6916136 2.1733865

## 24 -0.8177008 0.9513937 1.3097880



Atividade:! GLM Bigomidl
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Exemplo: passaros na ilha

incidence area isolation

.18



glmave <- (incidence~ area + isolation + area:isolation,
binomial, ave)

##
##
##
##
##
##
##
##
##
##
##
##
##
##
##
##
##
##

##
HH

(glmave)

Call:
glm(formula = incidence ~ area + isolation + area:isolation,
family = binomial, data = ave)

Deviance Residuals:

Min 1Q Median 3Q Max
-1.84481 -0.33295 0.02027 0.34581 2.01591
Coefficients:

Estimate Std. Error z value Pr(>|z|)
(Intercept) 4.0313 7.1747 0.562 0.574
area 1.3807 2.1373 0.646 0.518
isolation -0.9422 1.1689 -0.806 0.420
area:isolation -0.1291 0.3389 -0.381 0.703
(Dispersion parameter for binomial family taken to be 1)

Null deviance: 68.029 on 49 degrees of freedom

Residual deviance: 28.252 on 46 degrees of freedom
ATC: G O8O



##
## Number of Fisher Scoring iterations: 7




glmave@l<- glm(incidence~ area + isolation,
family=binomial, data = ave)
anova(glmave@l, glmave, test="Chisq")

Analysis of Deviance Table

Model 1: incidence ~ area + isolation

Model 2: incidence ~ area + isolation + area:isolation
Resid. Df Resid. Dev Df Deviance Pr(>Chi)

1 47 28.402

2 46 28.252 1 0.15043 0.6981




(glmave01l)

## Call:

## glm(formula = incidence ~ area + isolation, family = binomial,
## data = ave)

##

## Deviance Residuals:

## Min 1Q  Median 3Q Max

## -1.8189 -0.3089 0.0490 0.3635 2.1192

##

## Coefficients:

## Estimate Std. Error z value Pr(>|z])

## (Intercept) 6.6417 2.9218 2.273 0.02302 *

## area 0.5807 0.2478 2.344 0.01909 *

## 1solation -1.3719 0.4769 -2.877 0.00401 **

#H#H - --

## Signif. codes: 0 '***' 0,001 '**' 0.01 '*' 0.05 '." 0.1 ' ' 1
##

## (Dispersion parameter for binomial family taken to be 1)
#i#

## Null deviance: 68.029 on 49 degrees of freedom

## Residual deviance: 28.402 on 47 degrees of freedom

## AIC: 34.402

#i#

- — N " i " P . = o



glmave02<- glm(incidence~ area,
binomial, ave)

anova(glmave02, glmave0Ol, "Chisq")

Analysis of Deviance Table

Model 1: incidence ~ area
Model 2: incidence ~ area + isolation
Resid. Df Resid. Dev Df Deviance Pr(>Chi)
1 48 50.172
2 47 28.402 1 21.77 3.073e-06 **x*

Signif. codes: 0 '"***' ©0.001 '**' 0.01 '*' 0.05 '.' 0.1 ' ' 1




glmave03<- glm(incidence~ isolation,
binomial, ave)
anova(glmave03, glmaveOl, "Chisq")

Analysis of Deviance Table

Model 1: incidence ~ isolation
Model 2: incidence ~ area + isolation
Resid. Df Resid. Dev Df Deviance Pr(>Chi)
1 48 36.640
2 47 28.402 1 8.2375 0.004103 **

Signif. codes: 0 '"***' 0.001 '**' 0.01 '*' 0.05 '.' 0.1 ' ' 1



(glmave01l)

## Call:

## glm(formula = incidence ~ area + isolation, family = binomial,
## data = ave)

##

## Deviance Residuals:

## Min 1Q  Median 3Q Max

## -1.8189 -0.3089 0.0490 0.3635 2.1192

##

## Coefficients:

## Estimate Std. Error z value Pr(>|z])

## (Intercept) 6.6417 2.9218 2.273 0.02302 *

## area 0.5807 0.2478 2.344 0.01909 *

## 1solation -1.3719 0.4769 -2.877 0.00401 **

#H#H - --

## Signif. codes: 0 '***' 0,001 '**' 0.01 '*' 0.05 '." 0.1 ' ' 1
##

## (Dispersion parameter for binomial family taken to be 1)
#i#

## Null deviance: 68.029 on 49 degrees of freedom

## Residual deviance: 28.402 on 47 degrees of freedom

## AIC: 34.402

#i#

- — N " i " P . = o
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6LM: ajuste de modelo
vigelvielgerle
Cucessor fal) 1

ajuste a variavel resposta
propor¢ao
nao Transtorme (sucesso,falha) em proporcao a menos

gue o numero de fentafivas seja iqual para todas as
unidades amostrais

use a tamilia de ligacio [JIIeRAEMQeZIiD.
avalie 0 sobre—dispersao do erro pela razao

deviance / degrees of freedom
razao > 1, use Tamilia PERIAIdel]
busque o modelo minimo adegquado com
» binomial use AR S
" quasibinom use HEANCENE
retenha 0 modelo minimo adegquado

retorne os coeficientes e predifos do modelo para
ccrala Aviainal (antilAaait)
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