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T - 8.1 - Introduction
— 8.1 Cementdata B S
gram of cement, and - -
3, and x4 are 1 7 26 6 60 785
e wei 2 1 29 15 52 743 -
- 3 11 56 8 20 1043
4 11 31 8 47 816
- 5 7 52 6 33 959 e
6 11 55 9 22 1092
7 3 071 17 6 1027 o
- R 8 1 31 22 4 725
9 2 54 18 22 931
10 21 47 4 26 1159 e -
11 1 4 23 34 838
12 11 6 9 12 1133 e
) 13 10 68 8 12 1094
2 ‘
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Junk<-matrix(scan("cement"),byrow=T,ncol=5)
x1<-junk[,1];x2<-junk[,2];x3<-junk[,3];x4<-junk[,4];y<-junkl[,5]
mO0<-lm(y~1)

ml<-Im(y~x1)

m2<-lm(y~x1+x2)

m3<-Im(y~x1+x2+x3)

m4<-lm(y~x1+x2+x3+x4)

anova(m0,m1,m2,m3,m4)

Model 1:y ~ 1

Model 2: y ~ x1

Model 3: y ~x1 + x2

Model 4: y ~x1 +x2 + x3

Model 5: y ~x1 +x2 +x3 + x4
Res.Df RSS Df Sum of Sq F Pr(>F)
1 122715.76
2 111265.69 1 1450.08 242.3679 2.888e-07 ***
3 10 5790 1 1207.78 201.8705 5.863e-07 ***
4 9 48111 9.79 1.6370 0.2366
5 8 47861 0.25 0.0413 0.8441

Signif. codes: 0 '***'0.001 "**' 0.01 "*' 0.05'.'0.1"'"1
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357
Seat height Tyre pressure ~ Time
Setup Day Run (inches) . Dynamo (psi) (secs)
1 3 2 - - - 51
2 4 1 - - - 54
3 2 2 + - - 41
4 2 3 + - - 43
5 3 3 - + - 54
6 2 1 - + - 60
7 3 1 + + - 44
8 4 3 + + - 43
9 1 1 - - + 50
0 4 a4 - - + 48
11 3 5 + - + 39
12 4 2 + - + 39
13 3 4 - + -+ 53
14 1 3 - + + 51
15 1 2 + + + 41
16 2 4 + + + 44
(n) (1 -1 -1 —1} (s;\
¥y2 1 -1 -1 -1 &
y3 11 -1 -1 &3
Y4 1 1 -1 -1 &4
¥s 1 -1 1 -1 &5
Y6 1 -1 1 -1 £6
7 1 1 1 -1 Bo &7
ys 1 1 1 -1 ﬁ] &g
= 2.
Yo 1 -1 -1 1 B &9 @2
Yo 1 -1 -1 1 Bs €10
n 1 1 -1 1 en
Y12 1 1 -1 1 &12
Y13 1 -1 1 1 e13
Ya 1 -1 1 1 E14
s 1 1 1 1 £15
\ne/ \1 1 1 1) \ 16/
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388 8 - Linear Regression Models
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Figure 84 Residusl = -~ — -
plots for data on cycling

up a hill. The panels .

showing residuals plotts
against levels of day an

run, and against fitted

values, would show ©~ -
random variation if the -

model is adequate, as

seemns 1o be the case. T#

normal scores plot show

that the errors appear -

close to normal.
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Table 8.3 Data from
bicycle experiment,
together with fitted values
¥, raw residuals e,
standardized residuals, r,
deletion residuals »,

sometimes e; is called a
ww residual.

8.2 . Normal Linear Model 363

Seat Tyre Time
Setup  height Dynamo  pressure y 5y e r r h C
1 -1 -1 -1 51 5262 -1.625 -099 =099 025 008
2 -1 ~1 -1 54 5262 1375 -0.84 083 025 006
3 1 ~1 -1 41 4175 —0750 —-046 -044 025 0.02
4 1 -1 -1 43 4175 1.250 0.76 075 025 005
5 ~1 1 -1 54 5575 -1750 - 106 -1.07 025 009
6 -1 1 -1 60 55.75 4.250 2.59 372 025 056
7 1 1 -1 4 4487 0875 -053 -052 025 002
8 1 1 -1 43 487 -1875 -1.14 —-116 025 0.11
9 -1 -1 1 50 4950 0.500 Q.30 029 025 001
10 -1 -1 48 49.50 -1.500 -0.91 =091 025 o007

1
11 1 -1 1 39 3862 0.375 0.23 022 025 0.00
12 1 -1 1 39 3862 0.375 0.23 022 025 0.00
13 ~1 1 1 53 5262 0.375 0.23 022 025 0.00
14 -1 1 1 51 5262 —1.625 —099 -099 025 o008
15 1 1 1 41 4175 0750 —0.46 —044 025 o002
16 1 1 1 4 4175 2.250 1.37 143 025 o016

we obtain B = (X"X)~' Xy, The fitted value 3 = XB = X(X"X)~' X7y = Hy is
the orthogonal projection of Y onto the plane spanned by the columns of X, and the
matrix representing that projection is H. Notice that 'y is unique whether or not XX
is invertible.

Figure 8.2 shows that the vector of residuals, ¢ = y=-y=(,— H)y, and the
vector of fitted values, 5 = H Y, are orthogonal. To see this algebraically, note that

Y'e=y H'(I, — H)y = y"(H — H)y =0, (8.6)

because H" = H and HH = » that is, the projection matrix & is symmetric and

YY=0=F+D0 -5+ = (e + (e tN=c€e+35, @7

as is clear from Figure 8.2 by Pythagoras’ theorem. That is, the overall sum of squares
of the data, y° yj? =y"y, equals the sum of the residual sum of squares, SS(E) =
2 —=9;)* = e, and the sum of squares for the fitted model, 23712 =7yy.

Such decompositions are central to analysis of variance, discussed below.

8.2.3 Likelihood quantities

Chapter 4 shows how the observed and expected information matrices play a central
role in likelihood inference, by providing approximate variances for maximum like-
lihood estimates. To obtain ﬁmemmﬁrthcmtmmwd@mmth&
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