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—erramental Analitico







rRegressao Linear




O modelo de regressao

y=a-+ Bz +e
e = N(0,0)
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SImulando dados

y:&+8w+e
e =N(0,0)

Simulando dados

(2)
( (1,5, ))

## [1] 1.0 1.5 2.0 2.5 3.0 3.5 4.0 4.5 &

yl = x1 ( ’ ’
vyl

## [1] 4.757714 8.962123 13.969613 8.
## [8] 16.900755 23.961185






NModelo de Regressao

Estimar 0s parametros:
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Regressao Linear

y:&—l—BaH—e




NModelo simples nulo

y=9;8=0
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ResSiduos e RSS

d:yi—?jz-

B=0
RSS = 261.9
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MinNimMo RSS

RSS =Y (yi—9;)°

B=1
RSS = 162.5




## Executing:
## convert -loop 0 -delay 100 Rplotl.png
Rplot4.png Rplot5.png Rplot6.png
Rplot9.png Rplotl0.png Rplotll.pn

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

Rplotl4
Rplotl?9
Rplot24
Rplot29
Rplot34

e T DO N

-PIg
-Pg
-PIg
-Pg
-Png

Rplotl5
Rplot20
Rplot25
Rplot30
Rplot35

a1 L AN

## Output at: msr.gif
## [1l] TRUE

-PIg
-Pg
-PIg
-PIg
-Pg

Rplotlé6.g
Rplot2l.¢
Rplot26.
Rplot3l.¢
Rplot36. p
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NVetodo dos Minimos Quadrados




Regressao dados simulados

y:&—l—BaH—e




Predicao x Parametros




/7

duos Gaussianos

Nals




("data/regression. txt",

int

lag <-
(lag)
## 'data.frame':
## $ growth: int
## S tannin:
## growth tannin
#4 1 12
## 2 10
## 3 8
4 4 11
## 5 6
## 6 7

o WdhbKrO

O obs. of 2 wvariabl

-xemplo: dieta de lagarta

12 10 8 11 6 7 2 3 3
0123456 78

residuos
0.2444444
-0.5388889
-1.3222222
2.8944444
-0.8888889
1.3277778

preditos

11

Ol o ©

. 755556
10.

9.
.105556
. 888889
.672222

538889
322222
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-xemplo: dieta de lagarta

(growth tannin, lag)
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NVodelo Linear lagartos

Imlag <- (growth tannin, lag)
(Imlag)

##

## Call:

## 1lm(formula = growth ~ tannin, data =

##

## Residuals:

## Min 10 Median cle) N

## -2.4556 -0.8889 -0.2389 0.9778 2.8¢

##
##

Coefficients:

.18
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-xemplo: dieta de lagarta

(growth tannin, lag)
(Imlag)
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##
##
##
##
##
##
##
##

Anova do Modelo

(Imlag)

Analysis of Variance Table

Response: growth

Df Sum Sq Mean Sq F value
tannin 1 88.817 88.817 30.974 C
Residuals 7 20.072 2.867
Signif. codes: 0 '***x' (0_001 '**' Q.
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ogica da ANOVA

_
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ANova particao da variacao

Tipos de Solos Desvios Totais

Variavel Resposta
Variavel Resposta

0 5 10 15 20 25 30 0 5 10 15 20 25 30

Observagdes Observagoes

Variacao Intra Grupos Variacéo Entre Grupos

Variavel Resposta
Variavel Resposta

5 10 15 20 25 30 5 10 15 20 25 30

Observagdes Observacgoes
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Regressao. ANOVA

Variagéo

- explicada
- nao explicada
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| Ogica da Anova

S Stotal =S Sentre + S Sintra
L Ogica da Regressao
SStotal — SSregr + SSe'rro

3.24



NModelo minimo




SS total

— Z(yz’ — )

1=1

3.25



Desvios quadraticos total

SStotal — Z?le (yz = g)Z
(dt <- lagSgrowth (lagSgrowth))

## [1] 5.1111111 3.1111111 1.1111111
## [7] -4.8888889 -3.8888889 -3.8888889

dt

## [1] 26.12345679 9.67901235 1.234567
## [7] 23.90123457 15.12345679 15.12345¢

(ss_total <- (dt"2))

## [1] 108.8889

3.26



Desvios guadraticos do ERRO

n

SSer'ror — Z(yz w g)2

1=1



Desvios guadraticos do ERRO

SSe'rror — Z?:l (yl _ g)2
(coeflag <- (Imlag))

## (Intercept) tannin
## 11.755556 -1.216667

(predlag <- coeflag[l] coeflag[2] la

## [1] 11.755556 10.538889 9.322222 8.
## [8] 3.238889 2.022222

lagSgrowth

## [1] 12 10 8 11 6 7 2 3 3

3.28



Desvios guadraticos do ERRO

n

SSer'ror — Z(yz w g)2

i=1
(ss_erro <- ((lagSgrowth predlagqg)

## [1] 20.07222



| Ogica da Regressao
SStotal — SSregr =+ SSe'r'ro

(ss_reg <- ss total Ss_erro)

## [1] 88.81667
Tabela de Anova

Fonte SumSquare  GL - MeanSquare
Regressao 6882 1 6882
Erro 20.07 7/ 2.37

Total 10889 & NA
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leste de hipotese

(r2 <- ss reg/ss_ total)
## [1] 0.8156633
(flag <- ss _reg/(ss_erro/7))
## [1] 30.97398
(flag, 1, 7)

## [1] 0.0008460738

—cor

3.
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Regressao No R lagarta

laglm <- (growth tannin, lag)
(laglm)

## Analysis of Variance Table

##

## Response: growth

## Df Sum Sq Mean Sq F value

## tannin 1 88.817 88.817 30.974 0

## Residuals 7 20.072 2.867

it ---

##

Signif. codes: 0 '***x' (0 _001 '**' 0.

3.32



Comparando Modelos no R
lagarta

nullag <- (growth , lag)
(nullag, laglm)

## Analysis of Variance Table

##
## Model 1: growth ~ 1
## Model 2: growth ~ tannin

## Res.Df RSS Df Sum of Sqg F
## 1 8 108.889

## 2 7 20.072 1 88.817 30.974
i -—-

## Signif. codes: 0 '***x' (Q_001 '**' O,

3.
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Comparando Modelos no R
lagarta

Anova do modelo: anovallaglm)

Df  Sum Sg Mean &g F value Pri>F)
tannin 1 8881667 8881667 30.9/398 0.0008401
Residuals 7 2007222 280746 NA NA

Anova da comparacado de modelos: anovalnullag, laglim)

Res Df RSS  Df  Sum of Sg = Pri>F)
8 10888889 NA NA NA NA
7 2007222 1 8881667 3097398 0.0008461

NAO DESESPERE, ESPERE!
<ekeP CALMI

3.
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Regressdo de Variavel Categorica

crop <- ("/home/aao/Ale2016/Al
(crop)
## 'data.frame': 30 obs. of 2 wvariakt

¥ S solo : chr "are" "are" "are" "are
¥ S colhe: int 6 10 8 6 14 17 9 11 7



Variavels bDummy ou Indicadoras

croplin <- crop[, ( "colhe", "solo")]
croplinisolo

## [1l] are are are are are are are are
## [18] arg arg arg hum hum hum hum hum
## Levels: are arg hum

croplinfarg <-
croplinfarg[cropSsolo=="arg"] <-
croplinfhum <-
croplinShum[cropSsolo=="hum"] <-

4.
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Variavel Dummy ou Indicadora

CrOPlin[ ( re=r =y ’ ’ ’ ’ ’ )/]

## colhe solo arg hum
##H 1 6 are 0

## 2 10 are

## 3 8 are

## 11 17 arg
## 12 15 arg
## 13 3 arg
## 21 13 hum
## 22 16 hum

" D (o Te ccaa n

oOokrkrEHE OO
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NUmero de nivels do fator menos 1 (intercepto)



Modelo linear dummy

Modelo

Yy = a4, + P24, + B34,
iNntercepto

Coeficientes



Regressao dummy

Imdum <- (colhe arg hum, croplin)
(1mdum)

##

## Call:

## 1lm(formula = colhe ~ arg + hum, data
#i

## Residuals:

## Min 10 Median cle) Max
## -8.5 -1.8 0.3 1.7 7.1
##

## Coefficients:
TR TR

## are arg hum
# 9.9 11.5 14.3

4.



NModelo Linear Normal

ImCrop <- (colhe~solo, crop)
(1mCrop)

##

## Call:

## lm(formula = colhe ~ solo, data = crc
##

## Residuals:

## Min 10 Median cle) Max

## -8.5 -1.8 0.3 1.7 7.1

##

## Coefficients:
TR TR



Coeficientes do moaelo

(1lmdum)

## (Intercept) arg hum
## 9.9 1.6 4.4

(cropscolhe, cropisolo, mean)

## are arg hum
## 9.9 11.5 14.3

Yy — é2651 T Bdez + /BBxds

4.8



Regressao de Fator

Modelo
Y = ag, + Bazq, + B34,
iNntercepto
Qg = T1
Coeficientes

4

.9






omando a regressct




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

eSO ~ altura

(car)

(Davis)
(Davis)

'data.frame':

v NN 0N

sex :
weight:
height:
repwt :
repht :

200 obs. of 5 wvaris

Factor w/ 2 levels "F",6 "M"

int
int
int
int

77 58 53 68 59 76 76
182 161 161 177 157 1
77 51 54 70 59 76 77
180 159 158 175 155 1

.2



Grahco da Regressao:




lmdavis <-

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

NVodelo da Regressao

(1lmdavis)

Call:
Ilm(formula =

Residuals:
Min

(weight~height,

weight ~ height, data

10 Median

-19.928 -5.406 -0.651

Coefficients:

3Q
4.891

ﬂ-‘-“-‘

42 .

e

Davi

N
€



Regressao: peso ~ altura

170 180
Altura (cm)

170 180
Altura (cm)




anovadavisNullLlmdavis)

Res.Df RSS  Df Sum of &g F PreR)
179 3236775 NA NA NA NA
178 1327271 1 1000504 250.0832 O

Puvalor =— 2.2e — 16
Doalor = 2.2 * 1016
r? = 0.587



NModelo de Regressao

Imweight ~ height + sex. data - Davis)






sexo: variavel dummy com dois nivels (mulher = 0. homem = 1)

Imdavis01l <- (weight~ height sex,
(lmdavis01)

##

## Call:

## 1lm(formula = weight ~ height + sex, G

##

## Residuals:

## Min 10 Median 30 N

## -20.302 -4.808 -0.335 5.239 41.3

##

## Coefficients:



imiweignt ~ neignt + sex, data -

DEVIS)

## (Intercept) height sexM
## -80.2107328 0.8340964 7.7070166

Mulher (sex = 0)

wr = Q+ Bssew + ﬁAh x hetght
ws = & + By, * height
Homem (sex = 1)
whzéz—l—ﬁ;*se:v—l—ﬁ*height
wp = & + Bs + By, x height

5.
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imiwelght ~ height + sex)




Nteracao

Imdavisfull <- (weight height sex



170
Altura (cm)




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

height

3Q

Sex

Imdavisfull <- (weight
(lmdavisfull)
Call:
Im(formula = weight ~ height + sex *
Residuals:
Min 10 Median
-20.990 -4.548 -0.926

##
##
##

Coefficients:

4.821

41 .C

.1



Imiweight ~ height + sex’neight, data=Davis)

## (Intercept) height sexM h
## -45.7988220 0.6252035 -57.4326307

Mulher (sex = 0)

w = &+ Bysex + 3hhe7}ght + Bs:hsew x height
Wy, = & + Brheight

Homem (sex = 1)

w =&+ ﬁ; sexr + ,éhheight + ths sex x height
wp, = & + Bs + (Bn + Bh.s) * height

5.12



Predicao do modelo

Uma mulher de 161cm de altura

w=a-+ Bsseaz - theight + Bszhsea: x height

sex = (0
(coefull <- (lmdavisfull))
## (Intercept) height sexM h

## -45.7988220 0.6252035 -57.4326307

predMulher <- coefull[1] coefull[?]
(predMulher <- (predMulher))

## [1] 54.85893

S



Imiweight ~ height + sex’neight, data=Davis)

o Uma mulher com 161cm de altura tem peso 54.86 kg,

Altura (cm)



Predito do Modelo

Homem com 182cm

w=a-+ Bsseaz - theight + Bszhsea: x height
sex =1

coefull

## (Intercept) height sexM h
## -45.7988220 0.6252035 -57.4326307

predHomem <- (coefull[l]+ coefull[3])
(predHomem <- (predHomem) )

## [1] 79.99018

5.15



Imiweight ~ height + sex’neight, data=Davis)

e« UM homem com 182cm de altura tem peso 79.99 kg

Altura (cm)



Matrix do Modelo

Davis | . ]

## sex weight height

## 1 M 77 182

## 2 F 58 16l

(Ilmdavisfull) [1:2,]
## (Intercept) height sexM height:sexM
## 1 1 182 1 182
## 2 1 161 0) 0
(lmdavisfull)
## (Intercept) height sexM h

##

-45.7988220 0.6252035 -57.4326307

5.
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Matrix do Modelo

(lmdavisfull) [ ;]

## ey
## 1 79.99018
## 2 54.85893

(lmdavisfull) [ ]

## 1 2
## 79.99018 54.85893

5.18



Qual o melhor modelo?

Principio da parciménia (Navalha de Occam)

o devem ter menos parametros possivel
Linear & melhor gue nao-linear

reter menos pressupostos

simplificado ao minimo adequado
explicactes mais simples sao preferivels

5.19



Simplificacdo do modelo

Metodo do modelo chelo ao minmo adequado

1. ajuste o modelo maximo (chelo)
2. simplfique o modelo:
e INSPECIioNe 0s coeficientes (summary)
e remova termos nao signincativos
3, ordem de remocao de termaos
e INteracao N&o signiicativos (maior ordem)
e termos quadraticos ou Nd&o lineares
o Variavels explicativas n&o significativas
e agrupe nivels de fatores sem diferenca
o« ANCOVA: intercepto ndo signihcativoa -> O

5.20



simplihcacdo do modelo
continuacao

Compare o modelo anterior com o simplihcado

A diferenca ndo e signiicativa

* retenha o modelo mais simples
* continue simplificando

A difereca e significativa

* retenha o modelo complexo
* este é o modelo MINIMO ADEQUADO

5.21



simplificando Modelo: exemplo

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

(lmdavisfull, lmdavisOl)

Analysis of Variance Table

Model 1: weight ~ height + sex * heig
Model 2: weight ~ height + sex

Res .Df RSS Df Sum of Sq F E
1 176 11833
2 177 12069 -1 -235.82 3.5075 0.

Signif. codes: 0 '***x' (0 _001 '**' 0.

5.22



simplificando Modelo: exemplo

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

(lmdavisO0l, lmdavis)

Analysis of Variance Table

Model 1: weight ~ height + sex
Model 2: weight ~ height
Res .Df RSS Df Sum of Sq F
1 177 12069
2 178 13273 -1 -1203.5 17.65 4.2

Signif. codes: 0 '***x' (0 _001 '**' 0.

5.23



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

i 1

NModelo Minimo Adequado

(lmdavisO01)
Call:
Im(formula = weight ~ height + sex, G
Residuals:

Min 10 Median 30 N
-20.302 -4.808 -0.335 5.239 41.3

Coefficients:

5.24



NModelo Minimo Adequado

(lmdavisO01)

## (Intercept) height
## -80.2107328 0.8340964
(lmdavis01)

## 2.5 %
## (Intercept) -113.44661
## height 0.63259

## sexM 4.08671

sexM
7.7070166

97.5 %
-46.974852
1.035603
11.327323

.25



Diagnostico do Modelo:
plotimodelo)

( (2,2))
( (lmdavisO01l)



Diagnostico: plotimodelo)

Residuals vs Fitted Normal Q-Q

Residuals

Standardized residuals

Fitted values Theoretical Quantiles

Scale-Location Residuals vs Leverage

Cook's di§tance
| | | I | |
0.00 0.01 0.02 0.03 0.04 005 0.06 0.07

IStandardized residuals|
Standardized residuals

Fitted values Leverage




