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Testes Classicos

Resposta Preditoras Teste Hipotese
Categorica  Cafegdrica Qui—quadrado  independéncia

Continua éCaTeqévica(’L)

Continua éCaTeqévica (»2)

Continua 1 Continua gkeqvesséo
Continua >1 ConTinua Req multipla

Continua Cont + Cat Ancova ,81 — By 1 = g

Proporc¢io Continua Reg. Logistica logzt(Bl) =1

. molepenolenma entre obsevvacoes
e distribuicao dos residuos: normal



Modelos Lineares (LM)

CaracTlerisTicas:

e vesposta: variavel continua
e preditora: multiplas (continuas, discrefas, tator)
s fator: variavel indicadora (nivel basal no
intercepto)
e simplificacdo do modelo: F (razdo da varidncia)

Premissas:

e velacao linear: y=a + Bz
e estrutura dos residuos: N(0,0)
e independéncia entre observagdes



Modelos Lineares
Generalizados (GLM)

CaracTlerisTicas:

e vesposta: confagem, proporcao ou binaria
e funcao de ligacao: preditor linear
e simplificacao do modelo: X% ou F

Premissas:

e velacao linearizavel
e esfrutura dos residuos: binomial, poisson, gama.
e independéncia entre observacoes



Modelos Lineares Mistos:

Variaveis preditoras: fixas e aleatdrias

e incorporam dependéncia enfre observacoes
" e5pPaco
» fempo

e desenho em bloco

e aninhado

Efeito (Fator) Aleatdrio: agrupamento de
observagoes

e predifora aleatoria: N(u,02 . )

entre
e 30 ha inferesse em interpreta—la (pode fer:)

e 0 nivel se repele para observacoes (correlagao)
e dependéncia enfre observacoes
e devende da sua peraunta 2.5



Ewceifé vA\eaTévio

Box 13.1 WHEN TO TREAT A PREDICTOR VARIABLE AS A RANDOM EFFECT

You may want to treat a predictor variable as a random effect if you:

don't want to test hypotheses about differences between responses at particular levels of
the grouping variable;

do want to quantify the variability among levels of the grouping variable;

do want to make predictions about unobserved levels of the grouping variable;

do want to combine information across levels of the grouping variable;

have variation in information per level (number of samples or noisiness);

have levels that are randomly sampled from/representative of a larger population;

have a categorical predictor that is a nuisance variable (i.e,, it is not of direct interest, but
should be controlled for).

Cf. Crawley (2002); Gelman (2005)
If you have sampled fewer than five levels of the grouping variable, you should strongly
consider treating it as a fixed effect even if one or more of the criteria above apply.

e Bolker (2015)



Definicoes: efeito aleafdrio
FrequentisTa

Modelos Mistos

* varidvels categoricas em gque 0s nivels sdo amostiras
aleatdrias da populacao

Bayesiana

Modelos hierarguicos

e variaveis em que os parametros sao realizacoes de uma
distribuicao



Modelo Misto

Efeito aleatdrio no infercepto

Yij = &+ px + €5 + €
Eteito aleatorio
e; = N(0,0% . )

) “entre

Residuo

Variancia Total

2 ) 2
Utotal — Oentre + Jz'ntra



Modelo hierarguicos

Yij = o + Bz + ey
Eteito Randomico

Residuo



Variancia do LMM

Dependéncia enfre observacoes;

e parfe da variacao fotal vai para enfre grupos

2 ) 2
Utotal — Oentre + Jz'ntra

e correlacao enfre 2 observacio de um mesmo grupo

2
o Jentre

P = 2
Jtotal

e observacdes de grupos diferentes nao sao
correlacionadas (independentes:)

.10



Dependéncia entre
observacoes

Verificar se espécies deciduas x perenes
tem diferenfes taxas de crescimento

e 5 espécies em cada grupo (decidua, perene)
e 10 individuos em cada espécie
e crescimenio confrolado pelo tamanho

Problema:

e 0s individuos de uma mesma espécie nao sao
independentes

e as espécies Tem relacdes de parentescos (ISSO FICA
PARA DEPOIS!)



Solucoes:
1, Calcular a média para cada espécie e comparar as
médias
n : 100 — 20

2. Anova com efeito fixo crescimento e aleatdrio
de espécies

No sequndo caso incorporamos:

e diminuicao da incerfeza dentro do grupo (espécies)
e menos dados independentes do gque observacdes

.12



Exemplo: crescimento de
AV VOYES

cresc sp  dec alt




cresc sp

dec alt

0.86 spoi per b

.13



Crescimenio de arvores
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Diterentes Espécies
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Call:
Im(formula = cresc ~ alt + dec + alt:dec, data =

Residuals:
Min 10 Median 30 Max
-0.6731 -0.3533 -0.1294 0.2737 1.0620

Coefficients:
Estimate Std. Error t value Pr(>|t])
(Intercept) -0.15569 .25488 -0.611 0.5427

alt 0.07589 .01467 5.172 1.27e-06
decper 0.78504 .35938 2.184 0.0314

dados)

* %
*

alt:decper -0.03665 .02048 -1.789 0.0767 .

Signif. codes: 0 '***' (0.001 '**' 0.01 '*' 0.05

Residual standard error: 0.4656 on 96 degrees of
Multiple R-squared: 0.2845, Adjusted R-squared:

. 0.1

freedom
0.2621

F-statistic: 12.72 on 3 and 96 DF, p-value: 4.532e-07

1




Analysis of Variance Table

Model 1: cresc ~ alt + dec + alt:dec
Model 2: cresc ~ alt + dec
Res.Df RSS Df Sum of Sq F Pr(>F)

1 96 20.807
2 97 21.501 -1 -0.69379 3.201 0.07675 .

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



Call:
Im(formula = cresc ~ alt + dec, data = dados)

Residuals:
Min 10 Median 30 MaXx
-0.6349 -0.3800 -0.1749 0.3577 1.0281

Coefficients:

Estimate Std. Error t value Pr(>|t])
(Intercept) 0.15991 0.18005 0.859 0.3922
alt 0.05708 0.01035 5.513 2.91e-07 ***
decper 0.16404 0.09423 1.741 0.0849 .

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

Residual standard error: 0.4708 on 97 degrees of freedom
Multiple R-squared: 0.2606, Adjusted R-squared: 0.2454
F-statistic: 17.09 on 2 and 97 DF, p-value: 4.368e-07




Analysis of Variance Table

Model 1: cresc ~ alt
Model 2: cresc ~ alt + dec
Res.Df RSS Df Sum of Sq F Pr(>F)

1 98 22.173
2 97 21.501 1 0.67183 3.0309 0.08486 .

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



Analysis of Variance Table

Model 1: cresc ~ 1
Model 2: cresc ~ alt
Res.Df RSS Df Sum of Sq = Pr(>F)

1 99 29.079
2 98 22.173 1 6.9067 30.526 2.716e-07 ***

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



Call:
Im(formula = cresc ~ alt, data = dados)

Residuals:
Min 10 Median 30 Max
-0.6201 -0.4005 -0.1092 0.2928 1.0665

Coefficients:

Estimate Std. Error t value Pr(>|t])
(Intercept) 0.23052 0.18345 1.257 0.212
alt 0.05775 0.01045 5.525 2.72e-07 **x*

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

Residual standard error: 0.4757 on 98 degrees of freedom
Multiple R-squared: 0.2375, Adjusted R-squared: 0.2297
F-statistic: 30.53 on 1 and 98 DF, p-value: 2.716e-07




Modelo Linear Simples
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Call:
Im(formula = cresc ~ alt + dec, data = dados)

Residuals:
Min 10 Median 30 MaXx
-0.6349 -0.3800 -0.1749 0.3577 1.0281

Coefficients:

Estimate Std. Error t value Pr(>|t])
(Intercept) 0.15991 0.18005 0.859 0.3922
alt 0.05708 0.01035 5.513 2.91e-07 ***
decper 0.16404 0.09423 1.741 0.0849 .

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

Residual standard error: 0.4708 on 97 degrees of freedom
Multiple R-squared: 0.2606, Adjusted R-squared: 0.2454
F-statistic: 17.09 on 2 and 97 DF, p-value: 4.368e-07




Procedimento em duas
estapas

e Modelo Linear para cada espécie



%

decid

Imspl <- (cres~alt,
arv,

arv$sp==spl)
lmsp2 <- (cres~alt,
arv,

arv$sp==sp2)

Coeficientes
do LM

alpha beta

spor | decidua  0.14 0,04



SY

decid

beta

decidua
decidua
decidua
decidua

perene
perene

perene

.28



LM dos coeficientes
Im(beta ~ decid)




Call:

Im(formula = beta ~ decid, data = coefdados)

Residuals:
Min 1Q Median 30
-0.027354 -0.017877 -0.006357 0.012011

Coefficients:

Estimate Std. Error t value
(Intercept) 0.05936 0.01140 5.207
decidperene -0.01289 0.01612 -0.800

Signif. codes: 0 '"***' @Q.001 '**' 0.01

Max
0.044072

Pr(>|t]|)
0.000815 ***
0.446968

k.05 Y.t 0.1

Residual standard error: 0.02549 on 8 degrees of freedom

Multiple R-squared: 0.07403, Adjusted R-squared:

F-statistic: 0.6395 on 1 and 8 DF, p-value: 0.447

1

-0.04172
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cresc

Modelos

s olec | alt

Mistos: dados

* 10 espécles
= 10 individuos por sp
o crescimento
o altura

100 observacoes

.32



Modelo Misto: infercepto

(cresc alt dec (1|sp), arv)

Modelo Mé

y = a+ i
€sp — |
sy —

Modelo Co

Crij = Otgp. + Bia

Altura



Linear mixed model_fit by REML [!lmerMod' ]

Formula: cresc ~ alt + dec + (1| sp)
Data: dados

REML criterion at convergence: -57.3

Scalﬁd re51duals

-3. 6242 -0. 688

Random effects

Groups
S Interce t) 0.
Rgsidua ( pt) 0.

1an

Medi
-0.0167

Number o% obs: 100, grou
Fixed effects:

u
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Modelo Misto: inclinacio

(cresc alt dec (alt|sp), arv)

Modelo Mé
y=a -+

€Emm C

Modelo Co

Crij; — aspj + Bspj

Altura



Linear mixed model_fit by REML {'lmerM d']
Formula: cresc ~ alt + dec + (alt | sp?
Data: dados

REML criterion at convergence: -130
Scaleﬂ residuals;
-2. 73002 -0. 53249 -0.0

M dian 3%
5236 0.5867 2.97

Random effects:
Groups Name
sp (Intercept)
alt

Residual
Numbéruof obs: 100, grou

Fixed effects:
(I@tercept)
decper
Correla I1xed Effects:
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anova(lmincl, lmint, FALSE)

Daggdo0s
Ilmint; cresc ~ alt + d : C ST) )

Imincl: cresc ~ alt S
e pt Ch?sq Chi Df Pr

lmint
tmincl

Signif. : : : 0.05 '.




lmmsp02 <- Lmer(cresc ~ alt + dec + (alt]|sp),
anova(lmmsp02, lmincl)

Data dados

# M
lmms ?2
lminc

S
|cR8lq chi Df Pr
lmmsp : . : :
# lminc 8 : : . . 0.4841 1




lmmspO1 <- Lmer(cresc ~ alt + (alt]|sp),

anova(lmmsp0l, lmmsp02)

Data: Qados

Models:
thmspll: crese

SO} Chisq Chi Df Pr
ImmspQl

Lmmsp02 7 Z Z Z .42 5.4349 1

Signif. codes: : : .65 '."' 0.1 '




Linear mixed model_fit by REML {'lmerM d']

Formula: cresc ~ alt + dec + (alt | sp?
Data: dados

REML criterion at convergence: -130

Scaleﬁ residuals;

-2. 73@02 -0. 53249 -0.0

Random effects:

groups ?%ﬂ%erce t)
P alt P

Residual
Number of obs: 100, grou

Fixed effects:
({ntercept)
decper
Correla

M dian 3?
5236 0.5867 2.97
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LMM: arvores
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4o

Modelo Mistos: uma
abordagem

Parfa do modelo com efeitos fixos e aleaforios cheio

Simplifigue a estrutura aleatdria:

e vetenha a estrufura aleatdria minima adegquada

e mantenha fermos associada ao desenho experimental
(correlacao enfre amostras)

e comparacao com anova usando REML:

Definido a estrufura do efeifo aleatdrio:

e simplifique a estrutra fixa do modelo

e vefenha as varidveis e inferacdes minimas adeguadas

e Use comparacao por anova com ML (padrao)

Diagnostico do Modelo

e vesiduos: homogeneidade, normalidade

.44
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Afividade: rigueza na praia

A vigueza da macrofauna varia em tuncio da altura
e exposicdo da praia

* 45 Observacoes
® 4 pralas
= NAP: continuo, alfura em relacdo ao NMM
e tExp: 2 niveis de exposicao da praia (10 , 1)
Sample Beach Richness  NAP Praia fExp
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lmm0Os <- Lmer(Richness ~ NAP*fExp + (NAP|Beach),
praia, FALSE)

lmmOO1 <- Lmer(Richness ~ NAP*fExp + (1|Beach),
praia, FALSE)

anova(lmmO0Oi, lmmOOs, FALSE)

Data: praia
Models:
LmmOOi: Richness ~ NAP * fExp + (1 | Beach)
LmmOOs: Richness ~ NAP * fExp + (NAP | Beach)

Df AIC BIC 1logLik deviance Chisq Chi Df Pr(>Chis
lmmEO1I 6 242.11 252.95 -115.06 230.11
lmmEOs 8 243.22 257.67 -113.61 227.22 2.8925 2 0.23




ML
REML

lmmOlp <- Lmer(Richness ~ NAP + fExp + NAP:fExp + (1]|Beach), praia)
lmmO2p <- Lmer(Richness ~ NAP + fExp + (1]|Beach), praia)
anova(lmmOlp, lmmO2p)

Data; prala
odels:
mmQ2p: Rlcnne

lmmO1lp: Richne

1lmm@Q2 D A
lmmelg




##t
##t
##t
##t
##t
##t
##t
##t
##t
##t
##t
##t
##t
##t
##t
##t
##t
##t
##t
##t
##t
##t
##t

Linear mixed model fit by REML ['lmerMod']
Formula: Richness ~ NAP + fExp + NAP:fExp + (1 | Beach)
Data: praia

REML criterion at convergence: 224.5

Scaled residuals:
Min 10 Median 30 MaXx
-1.4849 -0.4161 -0.0770 ©0.1521 3.7313

Random effects:

Groups Name Variance Std.Dev.
Beach (Intercept) 3.307 1.819
Residual 8.660 2.943
Number of obs: 45, groups: Beach, 9

Fixed effects:

Estimate Std. Error t value
(Intercept) 8.8611 1.0208 8.680
NAP -3.4637 0.6279 -5.517
fExpll -5.2556 1.5452 -3.401
NAP: fExpll 2.0005 0.9461 2.114

iy - . m - — B " — P g






confint(lmmOlp)

## Computing profile confidence intervals ...
## 2.5 % 97.5 %
## .s51g01 0.0000000 3.145294
## .sigma 2.3114668 3.681773
## (Intercept) 6.9045813 10.804288
## NAP -4.7299177 -2.275315
## fExpll -8.1969707 -2.303772
## NAP:fExpll 0.1919491 3.877650
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GLMM: rigueza da praia

Enfre as premissas dos modelo mistos lineares estao
aguelas basicas dos modelos lineares, Apesar de poder
fratar alguma corelacao enfre observacdes, estamos
trando de dados com:

e velacio linear,
e homogeneidade de varidncia e
e residuos com estrutura Gaussiana

A estrufura do componente dos eteitos fixos do modelo
Sa0:
y=a-+bx+e¢€
e = N(0,0)



6LMM: generalizado misto

Para fratar com varidveis resposta de outra natureza,
como contagem e proporgao, precisamos usar a
estrutura dos modelos generalizados, ou seja:

e funcio de ligacio
e outra estrutura do residuo: poisson, binomial,
dama..

Da mesma forma que os modelos generalizados, a

resposfa do modelo estara na escala do preditor

linear, portanto muitas vezes & necessario usar a
funcao inversa para interprefar o modelo.



install.packages("lmer4")

Library("lmer4")



Exemplo: vigueza das praias

A vigueza da macrofauna varia em tuncio da altura
e exposicdo da praia

* 45 Observacoes
® 4 pralas
= NAP: continuo, alfura em relacdo ao NMM
e tExp: 2 niveis de exposicao da praia (10 , 1)
Sample Beach Richness  NAP Praia fExp




glmmOOs <- glmer(Richness ~ NAP*fExp + (1|Beach) +
(NAP|Beach),

poisson, praia)
glmmOOi <- glmer(Richness ~ NAP*fExp + (1|Beach),
poisson, praia)
anova(glmmOOi, glmmOOs, FALSE)

Data

?mm

1: Rj
1 : Rich NAP B h
mmoO0Os oh , , + ( hl $ac

Chisq C
ImmQOQi : . : :
81mm005 15. : : : : 3

Signif. codes: : : : 0.1




glmeO <- gim(Richness ~ NAP*fExp, praia,
poisson)
anova(glmmOOi, glm0O, FALSE)

Data; praia
Ls:
ch
%hisq Chi Df Pr(
. . 8.2723 1 0
Signif. codes: : : .65 '."' 0.1 '

D
moQ . 4 2
81mm0@1 5 2




glmmOO <- glmer(Richness ~ NAP + fExp + NAP:fExp + (1|Beach),
"poisson", praia)

glmmOl <- glmer(Richness ~ NAP + fExp + (1|Beach),
"poisson", praia)

anova(glmmOO, glmmOl)

## Data prala

?mm@l R1c
8lmm _ ; Beach %

1S Ch1i DT Pr(>
TmmO1

## TmmOO ) ] : ) .1366 1




glmm02 <- glmer(Richness ~ fExp + (1]|Beach),
"poisson", praia)
anova(glmmOl, glmm@2)

Data prala

S?mmez Richn ach)

tmm 1chn Beach
evlan &hlsq Chi Df Pr(>

A
1mm02 : . . 254, 22
Jthmes 7 533 ) ) 58556 48.663 1 3.0

Signif. codes: : k1 Q.01 '*' 0.05 ".' 0.1 '




glmmO3 <- glmer(Richness ~ NAP + (1|Beach),
"poisson", praia)
anova(glmmOl, glmmO3)

Data prala

8?mm03 R1chne
tmm

ch& , ,

hisq Chi Df Pr(>
1mm03 . ] .

TmmO1 ] ] . 9.2293 1 0.

Slgnlf. codes: : : k.05 ', 0.1




glmmNULL <- glmer(Richness ~ 1 + (1|Beach),
"poisson", praia)
anova(glmm@l, glmmNULL)

Data prala
eis

TmmO1 Beach

8 D% | v1ance) Chisq Chi Df Pr
261.88
205.560 56.323 2 5

.01 '*'" 0.65 '.' 0.1 "'



Generalized llnear mixed model fit by maximum likelihood (L
Approximation) [glmerM ?
Famlly: BQlSSOh ? log ?
Formula: Richness ~ NAP + fExp + (1 | Beach)
Data: praia
AIC BIC 108Lik deviance df.resid
213.6 220.8 -102.8 205.6 41
Scaled residuals:
1% Median 32 Max
-1.9673 -0.6611 -0.1579 0.343 3.1746
Random effects ,
rouRs Name Variance Std.Dev
Beac %Intercegt) 0.06044 0.2458
Number o groups: Beach, 9
Fixed effects:
Estimate Std. Error z value Pr(>éz{%
(Intercept) 2.04183 0.13406 15.231 < 2e- Kok k
NAP -0.50383 0.07395 -6.814 9.52e-12 **x
fExphigh -0.86699 0.22332 -3.882 0.000103 *x*xx*
Signif. codes: 0O '***' @Q,001 '**' Q.01 '*' 0.05 '.' 0.1 '
Correlatiggngf\F%%gd Effects:



## NAP



Grafico Final

—_

© 00 N OO o kAW ™

2
@
2
@
-
2
@
@
@
.
.

Richness




TUTORTAL FIM: EMM &

Il..llll )
. i i
‘. %N i A | L ]
: " =
Ty e O T I!,p HII" n “l il
S 1| ] L. |

S
PIAnEco




