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3 Other Considerations

3µ1 Categorical Predictors

So far we have assumed all variables in our linear model are quantitiativeµ

For example° consider building a model to predict highway gas mileage from the mpg data
setµ

## # A Wibble: 6 [ 11 
##   manXfacWXrer model diVpl  \ear   c\l WranV      drY     cW\   hZ\ fl    claVV
##   <chr>        <chr> <dbl> <inW> <inW> <chr>      <chr> <inW> <inW> <chr> <chr>
## 1 aXdi         a4      1.8  1999     4 aXWo(l5)   f        18    29 p     compa
## 2 aXdi         a4      1.8  1999     4 manXal(m5) f        21    29 p     compa
## 3 aXdi         a4      2    2008     4 manXal(m6) f        20    31 p     compa
## 4 aXdi         a4      2    2008     4 aXWo(aY)   f        21    30 p     compa
## 5 aXdi         a4      2.8  1999     6 aXWo(l5)   f        16    26 p     compa
## 6 aXdi         a4      2.8  1999     6 manXal(m5) f        18    26 p     compa

head(mpg)

libUaU\(GGall\)

mpg %>% 
  VelecW(-model) %>% # Woo man\ modelV
  ggSaiUV() # SloW maWUi[

/
.
What to

do when

Xi are
categorical?

-

-[
makes f(f plots to look at each pair of variables
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To incorporate these categorical variables into the model° we will need to introduce 
dummy variables° where  the number of levels in the variable° for each qualitative
variableµ

For example° for drY° we have 3 levels: 4° f° and rµ

##  
## Call: 
## lm(formXla = hZ\ a diVpl + cW\ + drY, daWa = mpg) 
##  
## ReVidXalV: 
##     Min      1Q  Median      3Q     Ma[  
## -4.6499 -0.8764 -0.3001  0.9288  4.8632  
##  
## CoefficienWV: 
##             EVWimaWe SWd. Error W YalXe Pr(>_W_)     
## (InWercepW)  3.42413    1.09313   3.132  0.00196 **  
## diVpl       -0.20803    0.14439  -1.441  0.15100     
## cW\          1.15717    0.04213  27.466  < 2e-16 *** 
## drYf         2.15785    0.27348   7.890 1.23e-13 *** 
## drYr         2.35970    0.37013   6.375 9.95e-10 *** 
## --- 
## Signif. codeV:  0 '***' 0.001 '**' 0.01 '*' 0.05 '.' 0.1 ' ' 1 
##  
## ReVidXal VWandard error: 1.49 on 229 degreeV of freedom 
## MXlWiple R-VqXared:  0.9384, AdjXVWed R-VqXared:  0.9374  
## F-VWaWiVWic: 872.7 on 4 and 229 DF,  p-YalXe: < 2.2e-16

lm(hZ\ a diVpl + cW\ + drY, daWa = mpg) %>%
  VXmmaU\()

-

← K =3

Xi, = { A if ith car is front w d

0 if ith car is Not front WD. Go = avg HWY

g.ci,
= { k it in car is RWD mpg for 4WD

if ith car is Not RWD
cars

{ Boot B, te, if
itn car is FWD f, = difference is

Yi
= Pot fixi, tfzxizt q. = Bo tpz + Ei if im car is RWD ⇒ average hwy mpg

Pote;
if ith car is 4WD btw Fwpajypvp

Pz
-

- difference in

O average hwy mpg
"
Roreates dummy variables for us .

btw RWD ! UND .

=
'

g o
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�µ2 Extensions of the Model

The standard regression model provides interpretable results and works well in many
problemsµ However it makes some very strong assumptions that may not always be
reasonableµ

Additive Assumption

The additive assumption assumes that the effect of each predictor on the response is not
affected by the value of the other predictorsµ What if we think the effect should depend on
the value of another predictor¶

##  
## Call: 
## lm(formXla = ValeV a TV + radio + TV * radio, daWa = adV) 
##  
## ReVidXalV: 
##     Min      1Q  Median      3Q     Ma[  
## -6.3366 -0.4028  0.1831  0.5948  1.5246  
##  
## CoefficienWV: 
##              EVWimaWe SWd. Error W YalXe Pr(>_W_)     
## (InWercepW) 6.750e+00  2.479e-01  27.233   <2e-16 *** 
## TV          1.910e-02  1.504e-03  12.699   <2e-16 *** 
## radio       2.886e-02  8.905e-03   3.241   0.0014 **  
## TV:radio    1.086e-03  5.242e-05  20.727   <2e-16 *** 
## --- 
## Signif. codeV:  0 '***' 0.001 '**' 0.01 '*' 0.05 '.' 0.1 ' ' 1 
##  
## ReVidXal VWandard error: 0.9435 on 196 degreeV of freedom 
## MXlWiple R-VqXared:  0.9678, AdjXVWed R-VqXared:  0.9673  
## F-VWaWiVWic:  1963 on 3 and 196 DF,  p-YalXe: < 2.2e-16

lm(ValeV a TV + radio + TV*radio, daWa = adV) %>%
  VXmmaU\()

#

Adlinear model
constant error variance

uncorrelated errors (WX) .

µ integration
Y ftp.xtfzxztpzxihtc
-

- pot (f , tf,XIX , tfzxzt E

Tange, w/ Xiahou

%
To

f f,
is significantlyI, dilbert from zero

C) ← significant

R
!

0.89 without the interaction

relationship .

big increase ⇒ better fitting model

→
"
an increase of 000 in radio advertising will be associated w/ an increase on sales of

(fattyTV) NOOO

WARMING : if we add interaction term be sure to keep original variables in the model, o
;n?!!"t×t"

very confusing to interpret results .
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Linearity Assumption

The linear regression model assumes a linear relationship between response and predic-
tors. In some cases, the true relationship may be non-linear.

ggSlRW(daWa = mpg, aeV(diVpl, hZ\)) +
  geRm_SRinW() +
  geRm_VmRRWh(meWhod = "lm", coloXr = "red") +
  geRm_VmRRWh(meWhod = "loeVV", coloXr = "blXe")

-

←may

Yon -
hhear

How to include nonlinear terms in model?
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##  
## Call: 
## lm(formXla = hZ\ a diVpl + I(diVpl^2), daWa = mpg) 
##  
## ReVidXalV: 
##     Min      1Q  Median      3Q     Ma[  
## -6.6258 -2.1700 -0.7099  2.1768 13.1449  
##  
## CoefficienWV: 
##             EVWimaWe SWd. Error W YalXe Pr(>_W_)     
## (InWercepW)  49.2450     1.8576  26.510  < 2e-16 *** 
## diVpl       -11.7602     1.0729 -10.961  < 2e-16 *** 
## I(diVpl^2)    1.0954     0.1409   7.773 2.51e-13 *** 
## --- 
## Signif. codeV:  0 '***' 0.001 '**' 0.01 '*' 0.05 '.' 0.1 ' ' 1 
##  
## ReVidXal VWandard error: 3.423 on 231 degreeV of freedom 
## MXlWiple R-VqXared:  0.6725, AdjXVWed R-VqXared:  0.6696  
## F-VWaWiVWic: 237.1 on 2 and 231 DF,  p-YalXe: < 2.2e-16

�µ� P`nennial Pk`bleml

�µ N`nÅlineakinw `f kelh`nleÅhkedicn`k kelani`nlhihl 

�µ C`kkelani`n `f ekk`k nekml 

�µ N`nÅc`nlnann takiance `f ekk`k nekml 

�µ Oonliekl

lm(hZ\ a diVpl + I(diVpl^2), daWa = mpg) %>%
  VXmmaU\()

if = fo 't TE

Y X Xk

Z -

tr
identity function

significant

urn lead to ourfitting
'

? Very badWARNING : be careful throwing in higher level polynomial pours → prediction on the edges of the space .

②

diagnosis ' for
us. euhpredic.hr solution :

¥siduI , vs ④fitted values - add polynomial term OR - transform predictor
- add interaction

see pattern-

diagnosis : solution :

understanding how data is collected # dies formulated for those correlated

tire series ? spatial data? errors (not this class) .

errors
correlated diagnosis
✓ I X -

: solution -

plot residuals us .
fitted valves -

-

see funnel pattern€ ⇒.

transform Y - try logy or yr

diagnosis: solution :
plot data -

is your data wrong ? i.e. error in collection?

fix it

otherwise - maybe you are missing apredictor ?
( robust statisticalregression)
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� ÅNearest Neighbors
In Chµ 2 we discuss the differences between parametric and nonparametric methodsµ LinÅ
ear regression is a parametric method because it assumes a linear functional form for 
µ

A simple and wellÅknown nonÅparametric method for regression is called Ånearest neighÅ
bors regression ÁKNN regressionÂµ

Given a value for  and a prediction point ° KNN regression {rst identi{es the  trainÅ
ing observations that are closest to  Á Âµ It then estimates  using the average of
all the training responses in °

libUaU\(careW) # Sackage foU knn
VeW.Veed(445) #UeSUodXcibiliW\

[ <- UnRUm(100, 4, 1) # Sick Vome [ YalXeV
\ <- 0.5 + [ + 2*[^2 + UnRUm(100, 0, 2) # WUXe UelaWionVhiS
df <- daWa.fUame([ = [, \ = \) # daWa fUame of WUaining daWa

fRU (k in VeT(2, 10, b\ = 2)) ^
  knn_model <- knnUeg(\ a [, daWa = df, k = k) # fiW knn model
  
  ggSlRW(df) +
    geRm_SRinW(aeV([, \)) +
    geRm_line(aeV([, SUedicW(knn_model, df)), coloXr = "red") +
    ggWiWle(SaVWe("KNN, k = ", k)) +
    Wheme(We[W = elemenW_We[W(Vi]e = 30)) -> p
  
  SUinW(p) # knn SloWV
`

ggSlRW(df) +
    geRm_SRinW(aeV([, \)) +
    geRm_line(aeV([, lm(\ a [, df)$fiWWed.YalXeV), coloXr = "red") +
    ggWiWle("Simple Linear RegreVVion") +
    Wheme(We[W = elemenW_We[W(Vi]e = 30)) # VlU SloW

easy to fit make strong assumptions, wFifty are wrong?
easy to interpret -

parametric methodsperform poorly .can do hypothesis test

-

← # of neighbors

← training dfa-

I Coco) = 'T kief
valve to y
be predicted

*
.TL

sniffer [ ÷ .
- am, 6.8.10

Formula just likelinkspecify k

to
ur

rigour
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wiggly

O

Ô
smooth /

missing
non-linear nature of
relationship

K 9 ⇒ smoother fit .


