
Chap 13

Fancy Regression

SLR need not be so simple

log log log transformations

Model IEleftlogYrightbeta0beta1X
EleftYrightapproxebeta0ebeta1X

non linear fit with a

SLRthroughlog transformation of
YAfter

you have fit 9 model with

a transformation its helpful to

back transform especially for

visuals



a multiplicative
model

ly6leftyrightlogablogx

Consider IEleftYrightaxb

lylymodel
beta1lxly beta0

A ly ly model
is appropriate whenever

quantities are linearly related on a

multiplicative or percentage scale

estimated slope
hatbeta1 in a log log

sun is known as elastility

change in Y given

1 change in X
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Polynomial

RegressionTaylor's
theorem any curve can be approximated

locally by a low degree polynomial

Weierstrass Thin any function
can be

approximated globally by a high degree polynomial

the sweet spot is somewhere in

between.Modelyibeta0beta1xibeta2xi2ldotsvarepsiloni I
14varepsilonisimNleft0r2right

Technical a

MLRYoucan choose to power up as much as

you'd like but be careful



when nleqd1 d degree of of poly

you get a perfet fit

becausethepolynomial interpolates all points

but it is not ideal since varepsiloniphi

for all i which isn't Gaussian

overfit

you can check if you need
degree d

by testing it betadphi or not
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Multiple Linear Regression

extends SLR to more than one input x

yibeta0beta1xi1betapartialxi2ldotsbetadxidvarepsiloni
varepsiloni id Nleft0sigma2right

YiXi1ldotsXidsim
ind Nleftbeta0beta1xiildotsbetaxidsigma2right

mui

YsimNnleftXbetasigma2mathbbDnright
n variite MUN

n vector

pd1 vector
YleftY1ldotsYnrightT
betaleftbeta0beta1ldotsbetadright
Inntimesn Identity matrix



Xntimesp design matrix with

XiTleft1Xi1Xidright

SLR is a special case
where d1

d2 linear surface is a plane

dgeq3 we say hyperplane

i1ldotsd BjfracpartialKleftyy1ldotsxdrightpartialXj

Calculating the MLE is the same as in

147but

vis MVN with Xbetaequivmu coprodnsigma2equivSigma

Lleftbetasigma2rightleft2pisigma2rightn2uxpleftfrac1partialsigma2leftyXbetarightTleftyXbetarightright
downarrowE

lleftbetasigmapartialrightcfracnpartiallogsigma2frac12sigmapartialleftyXbetarightTleftyXbetarightcfracnpartiallogr2frac12sigma2leftYTy2YTXbetabetaTXTXbetaright



phi
sex

fracpartiallpartialbetafrac1sigma2leftxTyxTxbetaright

XTXbetaXTYhatbetaleftXTXright1XTY look like

b1fracSyxSxx
Important Projection result for

MVNs

p13 a

ptimesn projection
matrix

fYsimNnleftMvarepsilonright
then PYsimNpleftPMPSigmaPTright
Consider PleftXTXright1XT so hatbetapy

observe PXbetaleftXTXrightTXTXbetabeta
PPTleftXTXright1XTXleftXTXright1leftXTXright1

so hatbetaPYsimNpleftbetasigma2leftXTXright1right
distributionsamplingMLG



What to use for sigma2

llefthatbetasigma2rightfracnpartiallogsigma2frac1partialsigma2leftYXhatbetarightTleftYXhatbetaright
phi

Set

fracpartiallpartialsigmagammafrach2sigmagammafrac12sigma4leftyXhatbetarightTleftyXhatbetaright
hatsigma2frac1nleftyxhatbetarightTleftyxhatbetaright
Biased estimate but

youCancorrect that bias

S2frac1npleftYXhatbetarightTleftYXhatbetaright
Can show that sigma2simleftnprightnicefracs2chinp2
so you can use

Student t for hypotesis testis

CI



Prediction for MLR involves another

projection since

hatyXhatbetaHY
where HXleftXTXright1XT

hat matrix

Details of how d use H for

predation
at new Xp in book
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Dummies

Interactions

A dummyvariable allows you to use

a categorial grouping in a MLR

if Wit Dodse Ford GMC3

then X in fracpileftwiForadright
Xi3pileftwiGmcright

Dude is leftXi2Xi3rightleft00right in the intercept

left10rightleft01rightford

GmeModel
ybeta0B1x1B2x2B3x3varepsilon

year



An MLR with entirely duming variable

is an ANOVA
see book for ice

cream

example

testing wait to

An interaction effect allows the contribution

of one input Xj to depend on the level

of another input xk

Model yibeta0beta1xi1beta2xi2beta3xi1xi2ldots
ldotsvarepsiloni

interaction

termsothat

fracpartialIEleftYx1x2rightpartialx1beta1beta3x2
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E ModelSelection

How to select from two nested MLR

models

Good stat is R2equivcorleftYhatYright
DeltaR2

Take inspiration from ANOVA

H0 Baset
ldotsbeta full

varnothing

v H1 at least one ofbetajneqphij Pbase

Easy to virtualize an R2 comparison with

these hypotheses

R mate version is also similar to

ANOVA look at ratios of MSE which

can be expressed as R2 values



PbPf

ffracSSES
beginmatrix1SEendmatrixbeginmatrixSSEbusePDeltaleftnPfhurightendmatrix

RDelta2Rful2Rbase2fracRDelta2PDeltaleft1RTu2rightnPDelta

Can show that FsimFPDelta n Paul


