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b

Yi are normal distributed, and β̂j are linear combinations of those, so the β̂j are normally distributed.
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Eksamen 2005, 2
a

Yi = β0 + β1kvm+ β2takst+ εi.

b

Ŷ = β̂0 + β̂1kvm+ β̂2takst

= 0.72634 + −0.01828 ∗ 105 + 1.09548 ∗ 23

= 24.00298

V (Y − (β̂0 + β̂1x
∗
1 + β̂2x

∗
2))

=V (Y ) + V (β̂0) + x∗21 V (β̂1) + x∗22 V (β̂2) − 2(x∗1Cov(β̂0, β̂1) + x∗2Cov(β̂0, β̂2) + x∗1x
∗
2Cov(β̂1, β̂2))

=σ2 + V (β̂0) + x∗21 V (β̂1) + x∗22 V (β̂2) − 2(x∗1Cov(β̂0, β̂1) + x∗2Cov(β̂0, β̂2) + x∗1x
∗
2Cov(β̂1, β̂2))

ŷ ± tα/2,n−k−1

√
s2 + s2ŷ

=ŷ ± tα/2,32
√

1.5622 + 0.0821

=ŷ ± 2.037 · 1.588

=ŷ ± 3.235

c

Confounding effects
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b o l i g p r i s= read . table ( " http : //www. uio . no/ s t ud i e r/emner/matnat/math/STK2120/v13/ b o l i g p r i s . txt " , header=T)

f i t . lm = lm( Pr i s~kvm+Takst , data=bo l i g p r i s )

summary( f i t . lm)

#Coe f f i c i e n t s :
# Estimate Std . Error t va lue Pr(>| t | )
#( In t e r c e p t ) 0.72634 0.65168 1.115 0.273
#kvm −0.01828 0.01278 −1.430 0.162
#Takst 1.09548 0.05506 19.895 <2e−16 ∗∗∗
#−−−
#
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l ibrary ( l e ap s )

b jo rne r=read . table (
" http : //www. uio . no/ s t ud i e r/emner/matnat/math/STK2120/v16/ l o gb j o rn e r . txt " ,
header=T)

#a
plot ( b jo rne r )

#b
f i t . forward=reg sub s e t s ( l ogvekt~ . , data=bjorner , nvmax=10,method=" forward " )
summary . forward = summary( f i t . forward )

#Se l e c t i o n Algorithm : forward
# a l d e r kjonn vaar sommer l oghode l engde loghodebredde l o g h a l s l o g l e n gd e
#1 ( 1 ) " " " " " " " " " " " " " " " "
#2 ( 1 ) " " " " " " " " " " " " " " "∗"
#3 ( 1 ) " " " " " " " " " " " " "∗" "∗"
#4 ( 1 ) "∗" " " " " " " " " " " "∗" "∗"
#5 ( 1 ) "∗" " " " " " " " " "∗" "∗" "∗"
#6 ( 1 ) "∗" " " "∗" " " " " "∗" "∗" "∗"
#7 ( 1 ) "∗" " " "∗" "∗" " " "∗" "∗" "∗"
#8 ( 1 ) "∗" " " "∗" "∗" "∗" "∗" "∗" "∗"
#9 ( 1 ) "∗" "∗" "∗" "∗" "∗" "∗" "∗" "∗"
# l o g b r y s t
#1 ( 1 ) "∗"
#2 ( 1 ) "∗"
#3 ( 1 ) "∗"
#4 ( 1 ) "∗"
#5 ( 1 ) "∗"
#6 ( 1 ) "∗"
#7 ( 1 ) "∗"
#8 ( 1 ) "∗"
#9 ( 1 ) "∗"

png ( "mallows . png" )
plot ( 1 : 9 ,summary . forward$cp ,
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xlab="Anta l l ␣ f o r k l a r i n g s v a r i a b l e r " , ylab="Mallows␣Cp" ,
type=’ l ’ , col=’ red ’ , lwd=2)

abline (1 , 1 , lwd=2,col=’ blue ’ )
dev . of f ( )

# Anta l l f o r k l a r i n g s v a r i a b l e = 3 ( l o gha l s , l o g l e n gd e l o g b r y s t )

#c
f i t . backward=reg sub s e t s ( l ogvekt~ . , data=bjorner , nvmax=10,method="backward" )
summary . backward = summary( f i t . backward )

# a lde r kjonn vaar sommer l oghode l engde loghodebredde l o g h a l s l o g l e n gd e
#1 ( 1 ) " " " " " " " " " " " " " " " "
#2 ( 1 ) " " " " " " " " " " " " " " "∗"
#3 ( 1 ) " " " " " " " " " " " " "∗" "∗"
#4 ( 1 ) "∗" " " " " " " " " " " "∗" "∗"
#5 ( 1 ) "∗" " " " " "∗" " " " " "∗" "∗"
#6 ( 1 ) "∗" " " "∗" "∗" " " " " "∗" "∗"
#7 ( 1 ) "∗" " " "∗" "∗" " " "∗" "∗" "∗"
#8 ( 1 ) "∗" " " "∗" "∗" "∗" "∗" "∗" "∗"
#9 ( 1 ) "∗" "∗" "∗" "∗" "∗" "∗" "∗" "∗"
# l o g b r y s t
#1 ( 1 ) "∗"
#2 ( 1 ) "∗"
#3 ( 1 ) "∗"
#4 ( 1 ) "∗"
#5 ( 1 ) "∗"
#6 ( 1 ) "∗"
#7 ( 1 ) "∗"
#8 ( 1 ) "∗"
#9 ( 1 ) "∗"
#

png ( "mallowsBw . png" )
plot ( 1 : 9 , summary . backward$cp ,

xlab="Anta l l ␣ f o r k l a r i n g s v a r i a b l e r " , ylab="Mallows␣Cp(bw) " ,
type=’ l ’ , col=’ red ’ , lwd=2)

abline (1 , 1 , lwd=2,col=’ blue ’ )
dev . of f ( )
# Anta l l f o r k l a r i n g s v a r i a b l e = 3 ( l o gha l s , l o g l e n gd e l o g b r y s t )

f i t . exhaust ive=reg sub s e t s ( l ogvekt~ . , data=bjorner , nvmax=10,method=" exhaust ive " )
summary . exhaust ive=summary( f i t . exhaust ive )
#Se l e c t i o n Algorithm : e xhau s t i v e
# a l d e r kjonn vaar sommer l oghode l engde loghodebredde l o g h a l s l o g l e n gd e
#1 ( 1 ) " " " " " " " " " " " " " " " "
#2 ( 1 ) " " " " " " " " " " " " " " "∗"
#3 ( 1 ) " " " " " " " " " " " " "∗" "∗"
#4 ( 1 ) "∗" " " " " " " " " " " "∗" "∗"
#5 ( 1 ) "∗" " " " " " " " " "∗" "∗" "∗"
#6 ( 1 ) "∗" " " "∗" "∗" " " " " "∗" "∗"
#7 ( 1 ) "∗" " " "∗" "∗" " " "∗" "∗" "∗"
#8 ( 1 ) "∗" " " "∗" "∗" "∗" "∗" "∗" "∗"
#9 ( 1 ) "∗" "∗" "∗" "∗" "∗" "∗" "∗" "∗"
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# l o g b r y s t
#1 ( 1 ) "∗"
#2 ( 1 ) "∗"
#3 ( 1 ) "∗"
#4 ( 1 ) "∗"
#5 ( 1 ) "∗"
#6 ( 1 ) "∗"
#7 ( 1 ) "∗"
#8 ( 1 ) "∗"
#9 ( 1 ) "∗"
png ( "mallowsExh . png" )
plot ( 1 : 9 , summary . exhaust ive$cp ,

xlab="Anta l l ␣ f o r k l a r i n g s v a r i a b l e r " , ylab="Mallows␣Cp( ex ) " ,
type=’ l ’ , col=’ red ’ , lwd=2)

abline (1 , 1 , lwd=2,col=’ blue ’ )
dev . of f ( )
# Anta l l f o r k l a r i n g s v a r i a b l e = 3 ( l o gha l s , l o g l e n gd e l o g b r y s t )
# Al l the methods g i v e the same model

#d
#We ge t the same model wi th each method . This i n d i c a t e s t ha t the model wi th l og l engde ,
#l o gha l s , l o g b r y s t i s the r i g h t one
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