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Analysis of Covariance Models

o A simple situation suited for ANCOVA is when we
have two independent variables affecting the response:
one is a factor, and the other is a continuous variable.

e ANCOVA combines the one-way ANOVA model and
the SLR model:

Y, =p,+1,+ X, +¢&,,i=1,..,t,j=1,...,n,.
® For the 7 levels of the factor (i=1, ..., 1), define:
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® This shows a set of # SLR lines having equal slopes,
but having different intercepts for each of the 7 levels of
the factor.

Picture (parallel lines relating E(Y) and X):
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Example: A study analyzing blood pressure reduction
(Y) in patients. The factor is type of drug (3 different
drugs). However, the weight of the patient (a
continuous variable) will also affect blood pressure
reduction.

o If we’re interested in the effect of each drug on BP

reduction, we should account for the patients’ weights
as well.

e One way: Break weights into categories (levels) and
make weight a blocking factor.

Problems: (1) There may not be enough people in some
of the weight categories.

(2) We may not know weight is affecting BP reduction
until after the experiment is ongoing.

(3) Weight is inherently continuous.

(4) In some studies, there may be several continuous
variables affecting the response.

e ANCOVA achieves similar benefits to blocking, but is
preferable when controlling for continuous covariates.

Example: Table 11.6 data (p. 593)

e Analyzing the effect of 3 types of classes on students’
post-class test score in trigonometry.



Y (POST) = Score  on post-class Trig test
> +7Fo_ of class shdent s in

Factor (CLASSTYPE) =
( \ -__;)Y\O C,Dmfjhd_er W\OCHq

g IQ'V &lS 4 A -Fuu S@.m&s"‘er o-p c_omru:}-e,r VVHOLL
T 2= Pé\f‘-hq.l use of computer maHn
o We want to control for previous knowledge of

trigonometry.

covariate X (PRE)= SCore  On ﬂ>r‘ﬂ_— class ‘)’r‘l\j +€5+

Mf)del equation: \/LJ - ‘30 + T+ By XLJ + giJ'
=1,2,3
t;ﬁ: Sk SM%‘FS n the L—'Ha c_IcuSS.

e See example for ANCOVA data analysis (output
similar to Table 11.7, p. 594).

e Important pieces of output: Overall F* = 8.46 (P-
value near 0) — our model is useful overall.

(1) Does the covariate (pre-class score) have a
significant effect on post-class score?

Holﬁ‘:O vs. Hc\?ﬁiio
F-test for effect of TRE-class score: F = 20-5’7(17,%!“_:::0)
Eotest dor offoct of PRE-class score:t™=Y4.54 (Pvalie = 0)
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(2) Does the factor (type of class) have a significant
effect on post-class score? (Look at the Type III SS)

Ho: T,=T,=T,=0
F-test fHr- CLASSTYFE (Fu“ V5. RQALLCUU
F*=4.77  (P-value= .0125)
ito(aysy)  Note F*> Fos 2,50 % 317
Msinj X=.05 \/eg) class ‘hﬂ?'& has &
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Here, we r&j&c‘}”ﬁcﬂ HD-

e We also get least-squares estimates ﬁoaflafzaf3aﬁl for
his model. 7 =14.431 = - — 2
t . [59 . ) —CI—-‘-I.DSg) ‘(2:__5‘.0}5)-[3;—_

A A‘ =0.77
e Interpreting 5,=0.773%: P 2
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T+ a_rfe_qr‘s -I-L\Cd) on wwkje-, c.l«ss 1‘7 e 3 z’:f‘oolbt.cés
/;7 (r\ijlae_g-l— méon PoS'\‘—aMSS score, ouj class %/Fe. 2

rroiu.ce,‘: lowest mean Pos-l—-c,lqsg score (Hfor any gqiven
e Adjusted estimated mean post-class scores for each Frec,laSS

type of class (at any given value of pre-class score) are: <" e)
Class type 1;: B, +5+BX = [4.131-4.058+0.7732 X
Class type 2: B+t + X =143 -5.015+D.7732 X
Class type 3: Ao +5+8X=11.431+0+ 0.7732 X

¢ We can extend the ANCOVA model to have more
than one covariate.

Example: Suppose we had two continuous covariates,
pre-test score and 1Q.

Results from software:
A A

1= Bo+ Ty + By (PREY + 3. (1) (i=1,2,3)
where B,=-9.88%9 T,=-4.937, T,=-¢.370, T =0

A J
5f20'780),\ B, = 0.21%
e Interpreting S.=0.2(3 :

We estimate Hod te e,x)::ecjreoﬂ Fos+—¢’455
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Unequal Slopes Situation

e Maybe the effect of the covariate is different for each
level of the factor.

Picture:

)i

c‘\"“':\(’ We can formally test whether this is true by including
C,a;’(« a term for the interaction between the factor and the (=] Jex ,‘t
t{,\f’f"’;}: covariate. E(y): Eo + —Ci ZL T ]3,X + ﬁzL X%L
g\,\—&’"“ Example: Are the slopes unequal for the model with |
. factor CLASSTYPE and covariate PRE? Zi'g =
;\W&'\\‘\% ' . O"fmmy variahle ¢
Ae,g”’; \. ® Analysis: Include CLASSTYPE by PRE interaction
ow k& term.

e,
L

® Look at F-test for interaction term in output:

Fx= (0,373 P-value= (), 7235

Conclusion: [ | +o rajed H, " "ol EZL'S =0
CDHC,\ULO‘?- ‘H«\e,ra IS no g}jmhﬁ.‘md ‘Qa,c_']'orxaw&r{q‘Fg

wteraction . COnalwig +he aiuml—sloFes ANCoV A
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