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* Goodies related to animals, plants and numbers...
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This is the greatest economics graph |

have ever seen. i've been laughing
about this for like 3 days

Corporate Taxes and Revenue, 2004

Left scale represents tax revenues as a percentage
of GDP. Bottom scale represents central
government corporate tax rates.
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Data is like garbage. You'd
better know what you are going
to do with it before you collect

It.

~ Mark Twain

AZ QUOTES

https://www.azquotes.com/quote/660697



Regressao Multipla



regressao e MLG

Analise da regressao multipla

Ambito:
Avaliar a relacao entre a variavel dependente e
multiplas variaveis independentes

Objectivos:

e Modelacao dum evento ecologico
e Testes de hipoteses

e Predicao (modelo preditivo)
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Analise da regressao multipla

Quando existe mais do que uma variavel independente

Y=L+ 0K+ 0K+ + X

cada observacao é dada por:

Y, =5, + B X, +,82X2i +...+,BIOX|Di + &
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Analise da regressao multipla

Variabilidade explicada pelo modelo

O coeficiente de determinacdo R°depende de p e n
e, por isso, uma estimativa mais adequada é o R’
ajustado, dado por:

R: —1— MSRESIDUAL —1— n-1 (1_ Rz)
MSTOTAL n—p-1
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Testes de hipoteses na analise da regressao

Testes F

Hipoteses:

Ho: B1= B,=..=B,=0
H,: Pelo menos um dos B, é diferente de O
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Testes de hipoteses na analise da regressao

Estatistica de
teste:

F=

SQREGRESSAO
UREGRESSAO _ QM REGRESSAO
SQERRO QM ERRO
Uerro

sendo gl .. ess5 = P -1 (p=n2 de coefientes) e
gl..., =n-2(n=n2 observagdes)

Vaalor critico:

-

o ’Ureg ’UEI’I’O

Rejeitar H, se:

Critério de decisao:

F>F

& Ureg 1 Verro

N3o rejeitar H, caso contrario




gl=p-1=2-1=1 gl=n-2=10-2=8

> summary (aov(ys~xs))
Df Sum S

ean Sq F value |Pr(>F) HO: xs e ys sao

XS 1 68728 68.28 22.82(0.0014 ** independentes, ou xs ndo
Residuals 8 23.93 2.99 influencia ys
signif. codes: 0 ‘*¥*’ 0,001 ‘**’ 0.01 ‘*’ 0.95 ‘.’ 0.1 ‘ ' 1

> summary (Im(ys~xs))

call:

Tm(formula = ys ~ xs) > 1-pf(22.82,1,8)

. _ [1] 0.001395977
Residuals: _ > 2%(1-pt(4.778,8))
Min 1o Median 3Q Max [1] 0.00139424

-3.2431 -0.6694 0.1048 1.1045 2.3948

Coefficients:
Estimate Std. Error t value Pr(>|t]|)

(Intercept) 7.454 3.135 2.377 _0,0447 * HO: B,=0
XS 3.115 0.652 4.778 | 0.0014 == HO: B,=0
Signif. codes: 0 ‘*%*%*’ 0.001 ‘**’ 0.01 **’ 0.05 ‘.’ 0.1 * ' 1

Residual standard error: 1.73 on 8 degrees of freedom
Multiple R-squared: 0.7405, Adjusted R-squared: 0.708
F-statistic: 22.82 on 1 and 8 DF, p-value: 0.001395




No caso de uma regressao multipla com
regressdo e MLG p parametros n-2=n-p

Testes de hipoteses na analise da regressao

Hipdtese: Estatistica de teste:
Hy: Bi=0 "
Hll Bi z0 . O X(Y —YA)Z
t = IB— onde n—2o
S. S5 = SX
o4
Critério de decisdo:
Valor critico:
Rejeitar H, se:
ooz eitar B 1> o

N3o rejeitar H, caso contrario
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Pressupostos da analise da regressao

e A distribuicao dos erro € normal de média O e variancia
constante o?;

e Os erros sao independentes, i.e. nao correlacionados;

e Nao ha erros em X (ou na pratica as medicoes de X sao
obtidas com erro negligivel comparativamente as de Y)
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Analise de residuos

e Normalidade
e Homogeneidade de variancias

e Erros independentes (inexisténcia de autocorrelacao
dos residuos)



par(mfrow=c(1,1),mar=c(4,4,2,1))
set.seed(123)

n=100;slope=4;intercept=3

xs=runif(n,3,6)
ys=intercept+slope*xs+rnorm(n,mean=0,sd=2)
plot(xs,ys,ylim=c(15,28),x11m=c(3,6),main="")
my Iml=Im(ys~xs)
abline(mylml,col=4)

¥s




par(mfrow=c(2,2),mar=c(4,4,2,1))

plot(mylm1)

Residuals

|Standardized residualsl

Analise de residuos: normalidade,

homocedasticidade e independencia
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Residuals

+|Standardized residualsl
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Heterocedastic errors

Residuals vs Fitted
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Non-independent errors

Residuals vs Fitted
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— i

Analise de residuos

(&)
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Figure 16.12 The plotting of residuals. {a) Data exhibiting homoscedasticity. (b) Dala
with heteroscedasticity ol the sort in Example 16.9. (¢} Duta for which there was hikely an
error in the regression caleulations, or an additional variable is needed in the regression
model. (d) Data tor which a linear regression does not accurately describe the relationship
hetween ¥ and X, and a curvilingar relationship should be considered.
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Analise de residuos:
outliers e observacoes influentes

e Outliers (analise exploratéria e andlise de residuos)

e Observacoes influentes (por exemplo através da
distancia de Cook)
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Analise de residuos:
outliers e observacoes influentes
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Analise de residuos:
outliers e observacoes influentes
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Seleccao de modelos de regressao

Quando pretendemos seleccionar um sub-conjunto de
variaveis (as mais importantes) e obter um modelo
simplificado.

Os coeficientes de regressao do modelo simplificado sao
diferentes dos do modelo original (modelo saturado).

e Forward selection

e Backward elimination
e Stepwise selection
eTest all combinations



