Stat 501 Lab 09

1 Sequential (or extra) sums of squares

This exercite reviews ihe concept of “sequential (or extra) sums of squares.” Sequentisl sums of sgusres
are weeful becsuse they cen be used 1o tesi:

# wheiher one slope parameier is O (for example, Hy: §,=10)

» wheiher 2 subset {meore ihem two, bui less ihen sll) of ihe slope perameiers =re b [for ecample,
Hy: 8, = fig=1)

Agsin what is a sequendial sum of squares? It can be viewed in either of two wayu

® It is the reduction in the error sum of aquares (S5E) when one of more predieior varisbles are added
ic the modsl

o O il is the incrense in the regression sum of squares (55R) when one or more predietor variables are
added 1o 1he model

1.1 FBrain size and body size siudy

Recell thei the igzize.ixt daie sei comieins deis on 1he imelligence based on the performance IQ [y = PIQ)
gcores from the revised Wechaler Adult Imelligence Sesle, brain size (@) = frain) based on 1he coum fom
MRI seans {given & coum/10000), snd body size messured by height in inehea {2z = height) and weight in
pounds [zy = weight) on 3% college siudemnts.

1. Fil 1he linear regrestion model with z1 = mrair s the only predictor.

e Take noie of the errer sum cof squares, and sinee »; iz 1he enly predicior in the model dencie 1lhis
value 83 SSE(X1). What is the velue of S5E (X1

& Take nois of ihe regression sum of sgusres, and sinee 2, it ihe only predicicr in the model dencie this
value a3 SSA(X1). Whet ia ihe velue of S5R [(X1)]

& Take neis of the total aum of sagueres, and sinee 22, is ithe only predietor in 1he model dencote this value
a3 SSTO (X1). What is the value of S5T0 (X1 )7

2. Now, fit the linear regreasion model with ihe predictors (in order) z; = brain and =; = height in 1he
maodel

& Take noie of 1he errer sum of aquares, and sinee 2, snd x; are predicior: in ihe model denote tlhis
value a3 SSE(X;, X;). Whai iz the value of S5E (X, X;3)?

# Take noie of the regression sum of sgusres, and sinee &, and &; =re prediciors In the model denoie
this value 88 SSR (X, X;). Whet is 1he value of S5R (X, X;3)?

# Take note of 1he 1ot8l sum of squares, sand sinee 2, and ; are predicior: in 1the model denote this
value a3 S5TO (X, X;). Whaet @i ithe value of S5TO (X, X; )7

2. Now, lei's uae 1he above definitions 1o ealeulaie 1the sequeniial sum of sguares of adding X; ic ihe model
in which X ia the only predictor. We denote 1his quamiity a3 SSR[X; X, ). (The bar “|" i read 2a “given ™)
According te the sliernaiive definitions:

» SSR(X;|XE)) i+ the reduction in the error sum of squares when X; s sdded to ihe model in which
X, ia 1the only predicior. Thet is, SSR[X;|X,)= S5E(X;)— 55E(X,, X;). Whsi i1 ihe value of
SER(X;|X,) ealeulated this way?



# Ahernsiively, we cen think of the S5R{X;|X;) s 1he incresse in the regression sum of sguares when
X; i1 added to the model in which X it the only predictor. That is, SSR(X3|E)= S8R{X1, X3)—
SER({X;). Whet iz 1he value of SSR{X;|X;) caleulzied 1his way? Did jou gei the seme snswer s
above? (¥ou should, ignoring smsll round-off error).

4 Note thet becauwe vou fit a8 muliple regression model DMMinitab sutometieally disples: & eolumn of
sequeniisl sum of square: named "Seq 55". The sequeniisl sums of sguares you get depend: on 1he order
in which you enier 1he predieters in the model

& Bince you emered 2, = Fradin first, the number MMinitab displays for the Beq 58 for brain @8 SSR{X, ).
Whet i the value MMinitab displays for SSR{X,; ), and is it consisteni with 1he velue of SSR{X,; ) you
pbigined in gquesiion {1)? In words, how would you deseribe the sequemntial sum of squares SSR(X,)?

& Binee you emiered, #; = Reightsecond, 1he number IMinitab displeys for Beq 55 for height is SSR{X; | X,).
What i 1he value Minitab displaya for SSR(X; | X, ), and is il eonsisiem with 1he value of SSR(X; | X, )
vou chisined in guestion [3)!

5 Let's make sure we age how the segueniial surne of squares 1that we gel depends on the order in which
we emier the predietors in the model Fit the linesr regreasion model with the two predietors in ihe reverse
order. Thei is, when filiing 1he model indicste 2z = height first and 21 = rain second

» Binee you emieredz, = keight finl, the oumber Miniieh displays for the 8eq 85 for height is SSR{XE; ).
Whet is the value Miniteb displays for SSR(X;)?

# Oinece you emiered 2, = mrarn second, ihe number Miniiab diaplsys for ihe Seg 38 for mraim is
SSR(X1|X:). Whai s the value hMinitab displays for SSR{X|X:)?

You ean (end should ) verify the values IMinitab displays for SSR{X,;) and SSR(X;|X; ) by filting 1he linear
regreasion meodel with a; = height 2a 1he only predieior.

® Ii the value of S5R(X;) deiermined this wey eonsisient with 1he value you obisined under the Seq 55
eo hommn?

o Celeulste S5R{X, | X;) wing either of the two definitions. Is your ealenlstion eomisient wiih the value
Miniish displays under the Seq 55 column?

6. Gegueniisl sum of sguares can be ohisined for any number of predicior: that sre sdded sequeniislly 1o
ihe model To see ihis, now fit 1he linesr regressinn model with ihe predictors (in order) z; = ¥rain snd

2q = height and ;= wei pght Firsi

& Take note of 1he error sum of squares, and sinee 2, snd 2, and @y are predieicrs in the model denate
this value 88 SSE (X,, X;, X;). What is 1he velue of S5E (X, X;, X )7

# Take noie of ithe regression sum of sguares, snd sinee &, and &, and ¢y are prediciors in the model
denote ihis value a1 SSR (X, X, Xp). What is the value of SSR (X, X;, X;)?

# Take note of 1he 1otal sum of agusres, and sines 2, snd 2; and 2, are predieters in the model denoie
this value s SSTO (X, &, Xp). What is the value of S5TQ (X, X, X)?

Now, consider the ssgueniial suma of aquares Miniiab displays:

o The firsi two values, S5R(X,) snd S5R{X;|X;), should be comsizient wiih their previous values,
beceuse you emiered o1 = radn first and 2 = height second Are they?

& Binee you eniered 2y = weight third, i1he number Miniiah displaya for 1he 3eq 53 for weight is
S5R(Xz| X1, X:). What is 1he value Miniieb display: for S5R{Xz| X1, X3 )7 Caleulsie SSR{ X3 X, Xi)
wiing efher of 1he two definitions. Is your caleulstion comisiem with the velue Minitiab display: under
ihe Seq 85 eclumn?



7. All of 1he ssgquentisl sume of sguares we considered so far are “one-degree-offreedom zequential
sums of sguares.” beeause we hove only contidered 1he effeet of edding one sdditionsl predieier variahle
io 8 model We could however, want te gquaniify 1he effeei of adding iwo additional predicicr variebles 1o
8 medel TFor example we might wani t1e know 1he effect of adding X; and X; o & model 1that already
comiming X; s 8 predietor. The sequentisl sum of squares SSRIX,, Xp|X,) gueniifies 1his effeet. It is
8 GYwo-degree-ofFfreedom sequeniial sum of sguares,”™ becsuse it gusniifies 1he effect of adding two
additional predicior varisbles 1o ihe model Omns-degres-of-freedom sequeniisl sums of sgusres are wed in
1es1ing one slope paremeter such e Hy @ 5, = 0, where a2z two-degree-of-freedom sequentisl sume of aquares
are used in teating iwo slope parameters, such e Hy - 5, = 3. =0

There sre e ways of obieining two-degree-of-freedom sequeniial sums of square: — by 1he originsl
definitien of & segquenmiial sum of sguere or by edding the proper one-degres of freedom sequemtiel] sumse of
§QUares.

# e either of the two definitions 1o celeulste SSR(X;, Xz|X1). Thet iy, caleulste SSR(X:, Xy|X1) by
SSR{Xy, X3, Xg)— BSR{X,) o1 by S5E{X,)— S5E (X1, X3, X3).

# Celeulsie S5R{X;, X3 1) by sdding the proper one-degree of freedom sequeniial sum of squares, 1hat
i, SSR{X;|X,) + S5R(XE| Xy, X;). Do you get ihe same smawer?

Incidenizlly, veu can wie ihe same coneepis 1o get three-degree-of-fresdem tequemiial sum of sgusres, four-
degres-of-freedom sequemiial sum of saquares, and 0 on

2 Decomposition of regression sum of squares

This exercise i3 imended io illueirsie how 1he regression sums of squares can be decomposed inlo 8 sum
of sequential sum of squarea. We ean use 8 decompoaition 1o quamify how imporiani a predictor variahle

iz {“marginally”) in reducing the varisbility in ihe response (in ihe presence of the other varisbles in 1he
model).

2.1 Brain size and body size siudy

Ve'll use the igsize.1x1 dais et agein with 1he responste y = PIQ snd thres poassible predictors, 21 = rain
and x; = height and 2; = weight.

1. Fit 1he linear regression model with y = PIQ snd {in order) 21 = brain and z: = height Verify
ihat ihe regressiom sum of aguares chisined, SSR({X,, X;), it the sum of the two sequemisl sum of sgusres
S5R(XE,) end SSR(X;|X;). This illusirstes how SSR{X,, X;) i+ “decomposed” imio 8 sum of sequeniial
sum of squares.

2. A regressionm sum of saguares can be decomposed in more thanwey To see this, fit 1he linesr regression

model with y = PIQ snd {in order) z; = keight and z; = frain. Verify 1hai 1he regression sum of agusres
obisined, S5R(X,;, X;), is now 1he sum of ithe two sequeniial sum of aguares SSR{X;) and S5A(X, X; )
That is, we've now decompesed SSR{X,, X;) in a different way

3. Now, fil 1the linear regression model with y = PIQ and {in order) 2, = drain and z; = height and
2y = weight Verify 1hsat the regression sum of squares chiained, SSR (X, &, X;), it the sum of 1he 1hree
gequemnmiial sum of agusres SSR(X,) end SSR{X:|X,) end SSR{ Xz X, X3 )

3 Hypothesis tests for the slope parameters

The exercize in 1his section is designed 1o review 1he hnpothesis 12313 for 1he slope parameters, 25 well 83 10
abe you moere praciice on models with & three-group guslitaimre variable. We consider tests for:

& wheiher one slope parameier is 0 (for example, Hy: 5, =10)

# whether 2 subset (mere then two, bui less thsn sll) of 1the slope perameiers =re 0 [for ecample,
Hy: 8, = §; =0 againi 1the sliernstive Hy - 3, # 0 o1 5, 0 or boik)



