PSYCH 710

Between-Subjects Factorial Designs
Main Effects & Interactions

Prof. Patrick Bennett

Crossed-factorial designs

« at least 2 independent variables/factors (A, B, C, etc.)
« each level of one factor combined with all levels of other factors
- balanced: equal n per cell/condition
« is variation among cell means “statistically significant”?
- is variation compatible with hypothesis that variation is due to chance?
« factorial ANOVA decomposes variation into main effects & interactions
- main effect: effect associated with one factor

- interaction: effect associated with combination of factors
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Main Effect of B

Y;'jk =+ a; ++ (aﬂ)jk + €5k
B = Hk—H.

Wk = marginal column mean [average of cell means in column k ]
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W.. = grand mean (2!l scores)
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Marginal Column Means

Interaction Effects (A x B)
Yijk = i+ a; + B + (B i 1+ €ijk
(@B)jk = pje — (.. + o + Bi)

i.e., interaction is what is left over after
accounting for 2 main effects

Z(aﬁ)jk = 0 for each value of k
=1

b
Z(aﬁ)jk = 0 for each value of j
k=1

dfaxs = (a-1)(b-1) = dfa x dfs
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Least-squares Estimates of Parameters
Yik =+ a; + B + (o) ji + €k

Q; = YJ -,

B = Yp-Y.
(@B)jr = Yie = (Y. + (¥ =Y)+ (Yx—Y)

= Y-V, -Ye+Y.,

degrees-of-freedom: V _V — 4 — N
dfa = (a-1) Yp—=Y —a; —py
df = (b-1) i.e., what is left over after
dfae = (a-1)(b-1) accounting for 2 main effects

Interpretation of Model

Yijk = p+ a5 + B + (aB)ji + €iji

Yiji = Yijk + €iji

observed score = predicted score + residual

~ predicted score = sum of intercept, main effects, and
Yije = o+ aj + B + (@) i interaction
Yijk =Y predicted score = cell mean

observed score = cell mean + residual

Yijr = Yi; + €k

anova breaks variation among cell means into 3 independent components:
variation due to A, variation due to B, and variation due to AxB

model has 1 + (a-1) + (b-1) + (a-1)(b-1) free parameters, or one for each cell mean




Evaluating Main Effect of A

Null Hypothesis Nested Models
ap=ay=-=q,=0 | Yige =g+ o+ By + (af)ji + e | full model
Vii=Yy == 7] CYie=p+ Br + (af) ji + €ijk | reduced model

determine if change in goodness-of-fit
(sum-of-squared residuals) is unusually
large assuming Null Hypothesis is true

Calculating Sum-of-Squares A (SSa)

Nested Models

| Yije = p+ o + Bi + (af)jk + €ijr | full model

| Yijk =+ B+ (af)jk + €iji

reduced model [violates principle of marginality. Bad!]

Yije = p+ e

reduced model

Yijp = p+aj+ e full model (ignores B and AxB)
Yie = p+ B+ e reduced model
Yi = ptoy+ B+ ey full model (ignores AxB)

SSa is change in SSresiduals that occurs when all alphas are set to zero.
For balanced designs, SSa is the same in all cases.

Marginality

« lower-order effects are marginal to higher-order effects
- main effects are marginal to 2-way their interactions
- 2-way interactions are marginal to their 3-way interactions
- linear predictors (x) are marginal to quadratic & cubic predictors (e.g., x2, x3)

« principle of marginality: linear models that include higher-order effects/
predictors should not exclude the effects that are marginal to them
- if amodel includes A x B it should also include A and B
- if a model includes x2 it should also include x

« why? Because, in general, models that violate marginality are not invariant to
changes in measurement units

- http://pnb.mcmaster.ca/bennett/psy710/notes/mw7-marginality-example.html

Marginality

http://pnb.mcmaster.ca/bennett/psy710/notes/mw7-marginality-example.html

ImO1 <- Im(y ~1+x+I(x"2) )

-4+0.5%
ANOVAS are idticl

ImO02 <- Im(y ~1+a+l(a”2) )

anova(1m01)

g o

anova (1m02)

both marginals obey marginality principle



http://pnb.mcmaster.ca/bennett/psy710/notes/mw7-marginality-example.html
http://pnb.mcmaster.ca/bennett/psy710/notes/mw7-marginality-example.html

Marginality
http://pnb.mcmaster.ca/bennett/psy710/notes/mw7-marginality-example.html

Im02 <-Im(y~1+I(2a"2))  ANOVAs are NOT identical

anova(1m01B)

ImO01 <- Im(y ~1+I(x2) )
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anova (1m02B)

both marginals violate marginality principle

Evaluating Main Effect of A

=y =--=0q,=0
‘ ,1 ,2 :l [null hypothesis]
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SSResiduals = Er = Z Z Z(Yiﬂc — Yji)?
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[calculated using full model]

~

_ SSA/(a — 1)
SSResiduals/(ab(n - 1))

Fy

Fa = MSa + MSresiduals
df = {(a-1), ab(n-1)}

Calculating Sum-of-Squares B (SSs)

Nested Models

\

g
Yije = p+ aj + Be + (af)ju + €ijr | full model

| Yige = p+ o+ (@B)jk + €ign

reduced model [violates principle of marginality. Bad!]
)

e ~

( Yk = p+ ek reduced model

Yiik 1+ Br + €

N\ J

full model (ignores A and AxB)

Yie = p+oy+ e
Yige = p o+ B+ eip

reduced model

full model (ignores AxB)

SSg is change in SSresiduals that occurs when all betas are set to zero.
For balanced designs, SSg is the same in all cases.

Evaluating Main Effect of B

r//
‘ ?1 ?‘2 - ﬂf =0 [null hypothesis]
L Ya=Yo==Y, =0
g b n
SSp=_ ) Bt
k=1 i=1 b

SSpesiduats = Er = » > Y (Vi = Vie)®  [calculated using full model]
\ j=1 k=1 i=1

[ SSg/(b—1) Fg = MSg + MSresiduals
PSS hewiauar/ (ab(n — 1)) df = {(b-1), ab(n-1)}
o



http://pnb.mcmaster.ca/bennett/psy710/notes/mw7-marginality-example.html

Calculating Sum-of-Squares AxB (SSaxs)

Nested Models

Yijk = pt+aj + B + (af) i + €ijr | full model

Y;jk =p+o;+ Br + €ijk reduced model [does not violate principle of marginality!]

SSaxg is change in SSresiquals that occurs when all interaction effects are set to zero.

Evaluating AxB Interaction

[null hypothesis]

Qaﬁ)n = (045)12 == (aﬁ)ab =0

|

a b n

SSas =33 > (aB);
j=1 k=1 i=1
a b n

SSpesiduats = Er = Z Z Z(Yzjk — Yju)?

j=1 k=1 i=1

[calculated using full model]

Faxe = MSaxs + MSresiduals
df = {(a-1)(b-1), ab(n-1)}

po_ SSas/((a—1)(b~1))
A S S pesiduar/ (ab(n — 1))

|

ANOVA table

dfa=a-1 MSp = SSa/dfa MSa/MSw

- SSA

SSg dfs = b-1 MSg = SSg/dfg MSg/MSw

SSaxs dfas = (a-1)(b-1) MSaxs = SSaxe/dfaxs MSaxe/MSw

SSw dfw = ab(n-1) MSw = SSw/dfw

Interpreting Interactions




Interpreting AxB Interaction

« interaction effect is the difference between cell mean and the sum of the
intercept & main effects:

(aB)ij =Yi;

« if interaction effects are zero, then differences among cell means are due

— 1= aj = B

differences between alpha’s and/or beta’s (row & column effects)

« if interactions are not zero then effect of A depends on level of B (and effect
of B depends on level of A)

Graphical Depiction of AxB Interaction

A1B1 A1B,
A2B:1 AzB;
AxB interaction implies that the effect of A

depends on the level of B, and the effect of
B depends on the level of A

(AIBI _AIBZ) 75 (AZBI _AZBZ)
(AIBI - AZBI) 75 (AIBZ - AZBZ)

score

o

Level of A
. Graphical representation of 2-way interactions
Interactions
no interaction AxB interaction
. . Significant AxB interaction implies: Zag‘f’B Zag‘;”ﬁ
« 2-way (A x B) interactions assess whether the effect of one factor .0 oty
depends on the level of the other factor - Difference between al & a2 0 " 0 . o
depends on level of B. 3 * 3
- Does the effect of A depend on the level of B? - Difference between b1 & b2 o . .
- Does the effect of B depend on the level of A? depends on level of A. °
T T T T
« 3-way (A x B x C) interactions assess whether the interaction between 2 A Fagtora %2 a1 Factora 22
factors depends on the level of the 3rd factor AxB interaction AxB interaction
- Does the AxB interaction depend on the level of C? Fecior® Fecior® .
- Does the AxC interaction depend on the level of B? Significant 2-way interactions imply a e 02 . o 2
. . significant deviation from parallelism. § %
- Does the BxC interaction depend on the level of A? » . » . .
8/ /
T T

al Factor A a2

at Factor A a2




Graphical representation of 3-way interactions
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o Significant AxBxC interaction — |8 ./ : .
» AxB interaction depends on level of C @ o ¢ \s
e Significant AxB interaction in c2 but not c1 O/ O/
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Incorrect Interpretations of Interactions

common problem in published scientific papers

« It often is interesting to find interactions

« But often they are “discovered” with faulty
statistical methods

Pubshed: 26 August 2011
Erroneous analyses of interactions in neuroscience:
aproblem of significance

Sander Nieuenhuis , Birte U Forstmann & Eic-Jan Wagenmakers

Nature Neuroscience 14, 1105-1107(2011) | Cite this article
12k Accesses | 422 Citations | 492 Altmetric | Metrics

Abstract
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incorrect analyses of

beguiling,

Incorrect Interpretations of Interactions

AxB interaction?

« Interaction determines if difference

between 2 differences is significant Factor B

- Is {(b2-b1) at a1} minus {(b2-b1) at a2} g test 2

significantly different from zero? P

« Not the same as doing separate tests of
(b2-b1) at a; and (bz-b1) at a;

« Example: if t-test 1 is not significant but t- <)
test 2 is significant, will AxB interaction be o
significant?

test 1

Score

- not necessarily... \ ‘
Factor A

only 1 t-test is significant and AxB
interaction is significant

+ — b2

=.003

> anova(lm.1)
Analysis of Variance Table

Response: y
Df Sum Sq Mean Sq F value  Pr(>F)

a 1 94.921 94.921 25.8720 1.153e-05 ***
1 33.000 33.000 8.9946 0.004889 **

a: 1 15.194 15.194 4.1412_ 0.049265 *

esiduals 36 132.080  3.669

Signif. codes: @ ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.” 0.1 ¢ ’ 1

> interaction.plot(a,b,y,ylim=c(6,20))

>
> t.test(y~b,subset(theData,a=="al"),var.equal=T)
Two Sample t-test

data: ybyb
( t = -0.70946, df = 18, p-value = 0.4871 )
alternative hypothesis: true difference in means is not equal to @
95 percent confidence interval:
-2.313285 1.145344
sample estimates:
mean in group bl mean in group b2
7.91961 8.50358

> t.test(y~b,subset(theData,a=="a2"),var.equal=T)
Two Sample t-test

data: by b

t = -3.4306, df = 18, p-value = 0.002982 )
alternative hypothesis: true difference in means is not equal to @

95 percent confidence interval:

-4.916593 -1.181852

sample estimates:

mean in group bl mean in group b2
9.767915 12.817137




only 1 t-test is significant and AxB

interaction is not significant

4 — 02
- bt

mean of y

> anova(lm.1)
Andalysis of Variance Table

Response: y

Df Sum Sq Mean Sq F value  Pr(>F)

1 57.285 57.285 15.6138 0.0003473 ***

1 30.769 30.769 8.3863 0.0063906 **
1.765 1.765 0.4811 0.4923813

esiduals

Signif. codes: @ “***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ¢ ’ 1
> interaction.plot(a,b,y,ylim=c(6,20))

>
> t.test(y~b,subset(theData,a=="a1"),var.equal=T)
Two Sample t-test

data: y b
Ct=-1. azee df = 18, p-value = 0.1225
alternative hypothesis: true difference in means is not equal to @
95 percent confidence interval:
-3.0632850 0.3953442
sample estimates:
mean in group bl mean in group b2
8.66961 10.00358

> t.test(y~b,subset(theData,a=="a2"),var.equal=T)
Two Sample t-test

data

y by
-2.4462, df 18, p-value = 0.02494

alternat\ve hypothesis: true difference in means is not equal to @
95 percent confidence interval:

-4.0415928 -0.3068517

sample estimates:

mean in group bl mean in group b2

10.64291 12.81714

Incorrect Interpretations of Interactions

« Suppose both tests are significant... does that mean
that the effect of B does not depend on A?

« i.e., that the AxB interaction is not significant?
- not necessarily

AxB interaction?

Factor B
o b1
® b2 test 2
g test 1
3
”n -
< © J
L]
o
T T
al a2

Factor A

both t-tests are significant and
AxB interaction is not significant

mean of y

> anova(lm.1)
Analysis of Variance Table

Response: y
Df Sum Sq Mean Sq F value  Pr(>F)

a 1 63.425 63.425 17.2872 0.0001897 ***

b 160,121 69.121 18,8399 0.0001104 ***

(a:b 1 6.322 6.322 1.7232 0.1975881 )
esiduals N N

Slgmf codes: @ ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.” 0.1 ¢’ 1
> interaction.plot(a,b,y,ylim=c(6,20))

>
> t.test(y~b,subset(theData,a=="al"),var.equal=T)

Two Sample t-test

data: by b
([t = -2.2281, df = 18, p-value - 0.03887 )
alternative hypothesis: true difference in means is not equal to @
95 percent confidence interval:
-3.5632850 -0.1046558
sample estimates:
mean in group bl mean in group b2
7.91961 9.75358

> t.test(y~b,subset(theData,a=="a2"),var.equal=T)
Two Sample t-test

data: _y b
((t = -3.8525, df 18, p-value = 0.001167
aTternative hypothesis: true difference in means is not equal to @
95 percent confidence interval:
-5.291593 -1.556852
sample estimates:
mean in group bl mean in group b2
9.642915 13.067137

both t-tests are significant and
AxB interaction is significant

> anova(lm.1)
Analysis of Variance Table

Response: y
Df Sum Sq Mean Sq F value  Pr(>F)
1 76.642 76.642 20.8897 5.536e-05 ***

a
b 1 97.912 97.912 26 =
(u:b 1 16.774 16.774 4.5718 0.03936 *

18
L

— b2
- b1

Residuals 36 13Z.080  3.669

Signif. codes: @ ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ °> 1
> interaction.plot(a,b,y,ylim=c(6,20))

>
> t.test(y~b, subset(theData,a=—"al"),var.equal=T)
Two Sample t-test

dnm by b

mean of y

= -2.2281, df = 18, p- vulue = 0.03887
@ ternat\ve ypothesis: [fference in means is not equal to @
95 percent confidence Lntervul

-3.5632850 -0.1046558
sample estimates:
mean in group bl mean in group b2

8.6 10.50358

> t.test(y~b,subset(theData,

'a2"),var .equal=T)
Two Sample t-test

data: by b

- -4.9776, df = 18, p- vnlue = 9.746e-05
alternative nypothesis: true erence in means 1s not equal to @
95 percent confidence 1nterval
-6.291593 -2.556852
sample estimates:
mean in group bl mean in group b2

10.14291 14.56714




Incorrect Interpretations of Interactions

« Suppose that both tests are not significant... does that
mean that the effect of B does not depend on A?

« i.e., that the AxB interaction is not significant?
- not necessarily

Score

AxB interaction?

Factor B
o b1
° b2 test 2
o)
test 1
M
)
.
o
/
T T
a1 a2

Factor A

both t-tests are not significant and
AxB interaction is not significant

@ — 02
- bt

mean of y

> anova(lm.1)
Analysis of Variance Table

Response: y

Df Sum Sq Mean Sq F value Pr(>F)
a 1 27.009 27.0086 7.3615 0.01016 *
b 15687 56866 1.5500 0.22119

(a:b 1 4.491 4.4907 1.2240 0.27592 )

| Residuals 36 132.080 3.6689

Signif. codes: @ ‘***’ 0.001 **’ 0.01 ‘*’ 0.05 ‘.’ 0.1 * ’ 1
> interaction.plot(a,b,y,ylim=c(6,20))

>
> t.test(y~b,subset(theData,a=="al"),var.equal=T)

Two Sample t-test

data: v by b

t = -0.10201, df = 18, p-value = 0.9199
alternative hypothesis: true difference in means is not equal to @
95 percent confidence interval:
-1.813285 1.645344
sample estimates:
mean in group bl mean in group b2

9.66961 9.75358

> t.test(y~b,subset(theData,a=="a2"),var.equal=T)
Two Sample t-test

data: hy b

M

t = -1.6023, df = 18, p-value = 0.1265

alternative hypothesis: true difference in means is not equal to @
95 percent confidence interval:
-3.2915928 0.4431483
sample estimates:
mean in group bl mean in group b2
10.64291 12.06714

> anova(lm. 1)’
Analysis of Variance Table

both t-tests are not significant and
AxB interaction is significant

Residuals 36 132.080

data:

Response: y
Df Sum Sq Mean Sq F value  Pr(>F)
1 51.458 51.458 14.0254 0.0006299 ***

Signif. codes:

Two Sample t-test

3.669

Q ‘***’ 9.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ¢’ 1
> interaction.plot(a,b,y,ylim=c(6,12))

>
> t.test(y~b,subset(theData,a=="al'),var.equal=T)

mean of y
9
L

© data:

t = 1.4166, df = 18, p-value = 0.1737
alternative
95 percent cor
-0.563285 2.895344
sample estimates:
mean in group bl mean in group b2
9.66961 8.50:

ypot
nfides

Two Sample t-test

lesis: true di
nce interval:

358

> t.test(y~b,subset(theData,a=="a2'),var.equal=T)

& = -

by h
1.6023, df = 18, p-value = 0.1265

alternative hypothesis: true difference in means is not equal to @

95 percent confidence interval:

@ -3.2915928 ©0.4431483

sample estimates:
mean in group bl mean in group b2

12.06714

erence in means is not equal to 0

A x B # Pairwise tests of differences

di=d;
.. I

Knowing if AxB interaction is significant does not
inform us about pairwise tests.

Interaction

Knowing if pairwise tests are significant does not
inform us about AxB interaction.

test1&test2are | test1&test2 |test1ORtest2
significant significant is significant

v

AxB interaction?

Factor B
o b1
o b2 test 2
0
g test1 d2
»
e\
&
L)
diI o
J
T T
al a2

Factor A




Incorrect Interpretations of Interactions
Nieuwehnuis, Forstmann, & Wagenmakers, Nature Neurosci, 2011, 14, 1105-1107
AxB interaction?
« To determine if the effect of one variable Foctor
depends on another... ob test 2
- e.g., if the effect of one variable differs between .
groups or ages or genders R exa m p | e
« ...you need to assess the interaction 3 tesf\l
between the 2 variables o
« do not rely on significance tests performed :
separately on the different groups
T T
at Factor A a2
7.6 an example Sequential Sums of Squares

In this section I will illustrate how to analyze data collected in an experiment that used a balanced -
factorial design. There are two factors, A and B, and each factor has two levels. The dependent > Im.full.model <- lm(y ~ 1 + A + B + A:B, data=myData)
variable is denoted by y. Finally, there are 6 scores per cell. Here is how I initialized R and created > anova(lm.full.model)

the fake data:

options(contrasts=c("contr.sum", "contr.poly"))

a<-rep(c(-1,-1,1,1),each=6) Df Sum Sq Mean Sq F value Pr(>F) Yijk =
b<-rep(c(-1,1,-1,1),each=6) A 1 94.25 94.25 84.59  0.0000 Y, -
ab<-rep(c(-1,1,1,-1),each=6) B 1 2321 23.21  20.83  0.0002 ik =
y<-10+2*a+1%b+0.5%ab A:B 1 4.63 4.63 4.15  0.0550 Kjk, —
set.seed(123456) ; Residuals 20 22.28 1.11

nz<-rnorm(y) Yije = p+ o + B + (B) i + €3
y<—y+nz;
af<-factor(a,labels=c("al","a2"),ordered=F)
bf<-factor(b,labels=c("b1", "b2"),ordered=F)
myData <- data.frame(y,af,bf)

names (myData) <- c("y","A","B")

Table 1: ANOVA table for full model.

VVVVVVVVVYVVYV



https://www-nature-com.libaccess.lib.mcmaster.ca/articles/nn.2886

SSa obtained with a different comparison

> 1m.01 <- 1m(y ~ 1, data=myData) Df Sum Sq Mean Sq F value Pr(>F)
> 1m.02.a <- 1m(y ~ 1 + A, data=myData) A L (9425 ) 9425 8459  0.0000
> anova(lm.01, Im.02.a) B 1 23.21 23.21 2().8;} 0.0002
’ A:B 1 4.63 4.63 4.15  0.0550

Residuals 20 22.28 1.11

Analysis of Variance Table Table 1: ANOVA table for full model.

Model 1: y ~ 1
Model 2: y 1 + A
Res.Df RSS Df Sum of Sq F Pr(>F)

1 23 144.370
2 22 50.124 1 94.246(41.366 1.801e-06 *x*

Signif. codes: 0 'sxx' 0.001 'xx' 0.01 '¥' 0.05 '.' 0.1 '' 1

Note that SSa is the same value as the one listed in full ANOVA table.

F differs because the estimate of population error variance (the F’s denominator) differs.

SSa obtained with a third comparison

Df Sum Sq Mean Sq F value Pr(>F)

> 1m.02.b <- 1m(y ~ 1 + B, data=myData) A T( 9425 ) 0425 8450  0.0000

> Im.03 <- Im(y ~ 1 + A + B, data=myData) B 12321 2321 2083 0.0002
> anova(lm.OZ.b, 1m.03) 4\:3 1 4.93 4.63 415  0.0550
Residuals 20 22.28 1.11

Analysis of Variance Table Table 1: ANOVA table for full model.

Model 1: y 1 + B
Model 2: y 1 + A+ B

Res.Df RSS Df Sum of Sq F Pr(>F)
1 22 121.16
2 21 26.91 1 94.246)73.549 2.654e-08 *x*x

Signif. codes: O 'sx**x' 0.001 'xx' 0.01 'x' 0.05 '." 0.1 ' "' 1

Note that SSa is the same value as the one listed previously.
Again, F differs because the estimate of population error variance differs across comparisons.

SSa computed with 4th comparison of nested models

« in theory, we could drop A from full model
-fulby~1+A+B+AB
- reduced:y~1+B+A:B
- SSA = Assresid

« However, this comparison does not work (easily)

> Im.04 <- 1m(y ~ 1 + B + A:B,data=myData)
> anova(lm.04, 1m.full.model)

R and Marginality

> 1m.04 <- 1m(y ~ 1 + B + A:B,data=myData)
> anova(lm.04, 1m.full.model)

Analysis of Variance Table

Model 1: y 1 + B + A:B
Model 2: y 1 + A+ B + A:B

Res.Df RSS Df Sum of Sq F Pr(>F)
1 20 22.284
2 20 22.284 0)3.5527e-15

Notice that df hasn’t changed although we dropped A from model.




R and Marginality

> anova(lm.04)

df for A has been incorporated into AxB
interaction

Analysis of Variance Table

Response: y

Df Sum Sq Mean Sq F value Pr (>F)

B 1 23‘214
B:A 2198.872
Residuals 20 22.284

23.214 20.835 0.0001883 *x*x*
49.436 44.370 4.43e-08 *x*x
1.114

Signif. codes: O 'x**' 0.001 'xx' 0.01 'x' 0.05 '.' 0.1 ''1

R and Marginality

[ > dummy.coef (Im.full.model) }

Full coefficients are

(Intercept): 10.46698
A: ( al a2 ) A~
‘\ -1.981649  1.981649 [+ )
B: bl b2 \ /
-0.9834858 0.9834858 . B
A:B: ( al:bl a2:bl al:b2 a2:b2
\—044390275 0.4390275 0.4390275 -0.4390275
[ > dummy.coef (1m.04) }
Full coefficients are
(Intercept): 10.46698
B: b1 b2
-0.9834858 0.9834858 N
B:A: [ bl:al b2:al bi:a2 b2:a2

| -2.420677 -1.542622 2.420677 1.542620 |  Sum of coefficients for A & A:B

R and Marginality

« Rintentionally makes it difficult (though not impossible) to violate marginality

« later we will use dropl command to evaluate models that violate marginality

alternatives to Im & aov

library(afex)
N <- dim(myData) [1]

myData$subj <- factor(x=1:N, =hg")
car.model.01 <- aov_car(y~1+A+B+A:B+Error(subj), =myData)
ez.model.01 <- aov_ez(id="subj",dv="y", =cl((VAISIBE)S =myData)

nice(ez.model.01,es="pes")

* ko * ok *




decomposing a main effect

analyses of “sub-effects”

Analyzing a Significant Main Effect

> mw.aov.01<-aov(score ~drug*biofeedback,data=mw75)

> summary (mw.aov.01)

Df Sum Sq Mean Sq F value Pr(>F)
drug 2.00 1882.07 941.03 5.21 0.01
biofeedback 1.00 1904.03 1904.03 10.54 0.00
drug:biofeedback 2.00 1248.07  624.03 3.46 0.05
Residuals 24.00 4334.80 180.62

Table 3: ANOVA for biofeedback experiment.

Tukey HSD [all pairs of marginal means]

TukeyHSD (mw.aov.02,which="drug")

## Tukey multiple comparisons of means
## 957 family-wise confidence level
##

## Fit: aov(formula = score ~ drug * biofeedback, data = mw75)

## $drug

## diff lwr upr p adj
## drugY-drugX 18.1 3.09063 33.11 0.0160
## drugZ-drugX 15.1 0.09063 30.11 0.0484
## drugZ-drugY -3.0 -18.00937 12.01 0.8724

Analyzing a Significant Main Effect

testing sub-effects with linear contrasts

cl <- c(-1,1,0)

c2 <- c(-1,-1,2)
myC <- cbind(cl,c2)
contrasts (mw756$drug) <- myC

mw.aov.02<-aov(score~drug*biofeedback,data=mw75)
summary (mw.aov.02,split=1list (drug=1list(1,2)))

compares drugs x & y ignoring z

N.B. contrast for biofeedback is c(-1,1) because it has only 2 levels

## Df Sum Sq Mean Sq F value Pr(>F)

## drug 2 1882 941 5.21 0.0132 x __ contrast is significant
##  drug: C1 (1 1638 1638 9.07 0.0060 *x )

##  drug: C2 1 244 244 1.35 0.2565 MARGINAL x, y means differ
## biofeedback 1 1904 1904  10.54 0.0034 *x

## drug:biofeedback 2 1248 624 3.46 0.0480 *

##  drug:biofeedback: Ci( 1 1110 1110 6.15 0.0206 * ) Fontrastx b}of?eqpack
##  drug:biofeedback: C2 1 138 138 0.76 0.3907 interaction is significant
## Residuals 24 4335 181

# -

## Signif. codes: 0 'sxx' 0.001 'sx' 0.01 'x' 0.05 '.' 0.1 ' ' 1




Analyzing a Significant Main Effect

testing sub-effects with linear contrasts

R2alerting = SS() / SS(Drug) = 1638/1882=0.87
R2efrect size = SS() / SS(Total) = 1638/9369 = 0.17

summary (mw.aov.02,split=list (drug=list(1,2)))

## Df Sum Sq Mean Sq F value Pr(>F)

## drug 2 1882 941 5.21 0.0132 x

##  drug: C1 (1 1638 1638 9.07 0.0060 ** )
##  drug: C2 1 244 244 1.35 0.2565

## biofeedback 1 1904 1904  10.54 0.0034
## drug:biofeedback 2 1248 624 3.46 0.0480 x

##  drug:biofeedback: C1( 1 1110 1110 6.156 0.0206 % )
##  drug:biofeedback: C2 1 138 138 0.76 0.3907

## Residuals 24 4335 181

Reaterting = SS(U) / SS(Drug x Bio) = 1110/1248 = 0.89 |

R2effect size = SS() / SS(Total) = 1110/9369 = 0.12

decomposing an interaction

simple main effects

Example (section 7.11 in course notes)

> mw1l.1m.01 <- lm(score ~ 1+ gf + tf + gf:tf, data = mwll)
> anova(mwill.1m.01)

tf: task factor (3 levels)
gf: group factor (3 levels)

Analysis of Variance Table

Response: score
Df Sum Sq Mean Sq F value Pr(>F)

gf 2 5250 2625.00 16.6373 7.64e-06 *xx*
tf 2 5250 2625.00 16.6373 7.64e-06 *x*
gf:tf 4 5000 1250.00 7.9225 0.0001092 s*xx*

Residuals 36 5680 157.78

Signif. codes: 0 "xx' 0.001 '#x' 0.01 'x' 0.05 '.' 0.1 "' 1

> MS.w <- 157.8
> df.w <- 36

Example Table 7.11 in Textbook

interaction.plot(x.factor=mwi1$gf,

trace.factor=mwii$tf,
task
response=mwil$score, S
trace.label="task") —— recognitior|
grammar
o | --- classificatipn
o B
illustration of group x task interaction g
3
@
analyze simple main effect of task in each group T R A
E
s
£ .
o //
wn
o |
<

amnesic huntingtons control

mw11$gf




Simple Main Effect of Task

1)
Analyze task within each group:

> Im.task.hunt <- Im(score ~ 1 + tf, (data = subset(mwil, gf == “huntingtons“})
> Im.task.amnesic <- Im(score ~ 1 + tf, data = subset(mwill, = "amnesic"))
~ 1 + tf, data = subset(mwll, "control"))

> 1m.task.control <- Ilm(score

2) 3)
Print ANOVA table:

> anova(lm.task.hunt)

Recalculate F & P values:

> (F.task.hunt <- 4625/MS.w)
Analysis of Variance Table
[1] 29.30925
Response: score

Df Sum Sq Mean Sq F value Pr(>F)
tf 2 9250 4625.0 29.365 2.385e-05 *xx
Residuals 12 1890 157.5

Signif. codes: 0 "fxx' 0.001 'xx' 0.01 '¥' 0.05 '.' 0.1 ' ' 1

> (p.task.hunt <- 1 - pf(F.task.hunt, dfl = 2,

[1] 2.791744e-08

df2 = df.w))

Simple Main Effect of Task (emmeans)

library (emmeans)

mwll.em <- emmeans(mwll.lm.O1,specs=~tf|gf)

joint_tests(mwll.em,by="gf")

## gf = amnesic:

## model term dfi1 df2 F.ratio p.value
## tf 2 36 0.792 0.4606
##

## gf = huntingtons:
## model term dfl df2 F.ratio p.value
##  tf 2 36 29.313 <.0001 )

<= results are identical to ones obtained previously

## gf = control:
## model term dfil df2 F.ratio p.value
## tf 2 36 2.377 0.1073

mw11.em <- emmeans(mw11.Im.01, specs=*“tf”, by=*“gf”) # different way of specifying emmeans object

Tukey HSD applied to Simple Main Effect (emmeans)

library(emmeans)
mwll.em <- emmeans(mwll.lm.01,specs=~tf|gf)
pairs(mwil.em) K adjus 2 sed

## gf = amnesic:

## contrast estimate SE df t.ratio p.value
## grammar - classification -10 7.94 36 -1.259 0.4273
## grammar - recognition -5 7.94 36 -0.629 0.8050
## classification - recognition 5 7.94 36 0.629 0.8050
##

##(gf = huntingtons:

##| contrast estimate SE df t.ratio p.value
##| grammar - classification -5 7.94 36 -0.629 0.8050
##| grammar - recognition -565 7.94 36 -6.923 <.0001
##| classification - recognition -50 7.94 36 -6.294 <.0001

## gf = control:

## contrast estimate SE df t.ratio p.value

## grammar - classification 0 7.94 36 0.000 1.0000
## grammar - recognition -15 7.94 36 -1.888 0.1567
## classification - recognition -15 7.94 36 -1.888 0.1567
##

## P value adjustment: tukey method for comparing a family of 3 estimates

decomposing an interaction

interaction contrasts




evaluating specific interactions

« often an experimenter expects an interaction task
— recognito
grammar

- classificati

- a particular sub-effect on one factor to varies across levels of other factor
« Example: predictions for task x group interaction

- Task sub-effect: difference between implicit & explicit memory tasks

> task contrast = (0.5*grammar + 0.5*classification) - (1*recognition) # 0

mean of mwi1$score

- prediction: task contrast differs between Amnesic & Huntington’s patients

» Amnesic patients have deficits on explicit, not implicit, memory tasks

» Huntington’s patients have deficits on implicit, not explicit, memory tasks € 1

n

amnesic huntingtons control

> Task Contrastamnesic - Task Contrastuunt # 0
mw11Sgf

creating interaction contrast weights

derive weights to determine if implicit/explicit contrast differs between Amnesic & Huntington’s groups

weights for task contrast

R
0.5 0.5 -1

weights for group contrast

creating interaction contrast weights

derive weights to determine if implicit/explicit contrast differs between Amnesic & Huntington’s groups

0.5 0.5 -1

=s 0 | - - o

cell weight = row x column

interaction contrast

contrasts(mwil$tf) <- cbind(c(0.5,0.5,-1))
contrasts(mwi1$gf) <- cbind(c(1,-1,0))

mwll.aov.02 <- aov(score ~ 1 + tf*gf,data=mwil)
t=list (tf=1list(task=1),gf=1list(group=1)))

summary (mwil.aov.02,

*ok ok
6 *k*
*okok

*okk

5 xxk )

#* 3 3 ([ 3 % 3w 3w A

o3 o3 (@) o o owow o

3
*

R2effect = SScontrast/SStotal = 4594/(5250+5250+5000+5680) = 0.217
Rzalerting = SScontrast/SSimeraction = 4594/(5000) = M

+——— almost all of the interaction is accounted for by our contrast




alternative method

apply contrast to 1-way layout of our 2x3 design

creating interaction contrast weights

derive weights to determine if implicit/explicit contrast differs between Amnesic & Huntington’s groups

Cell task group task x group
Amnesic-Grammar 0.5 1 0.5
Amnesic-Classification 0.5 1 0.5
Amnesic-Recog -1 1 -1
Huntington’s - Grammar 0.5 -1 -0.5
Huntington’s - Classification 0.5 -1 -0.5
Huntington’s - Recog -1 -1 1
Control - Grammar 0.5 0 0
Control - Classification 0.5 0 0
Control - Recog -1 0 ]

interaction contrast

(convert 2-way factorial to 1-way design)

R2effect = Sscontrasl/sstotal = 4594/(15500+5680) =0.217

WO NV A WNRE

levels.mwll.cell.
grammar.amnesic
classification.amnesic
recognition.amnesic
grammar . huntingtons
classification.huntingtons
recognition.huntingtons
grammar . control
classification.control
recognition.control

Q.
[}
-1.
-0.
-0.
1

Q.
Q.
Q.

Seoccununesuns

interaction contrast with emmeans

library (emmeans)

mwil.emm.01 <- em (mwil.aov.02, =~tf+gf)
c1 <- ¢(0.5,0.5,-1,-0.5,-0.5,1,0,0,0)
contrast (mwil.emm.O1, =list(c1))
' F=12=5.3962=29.12
[ask c(0.5,0.5,-1)
up <- c(1,-1,0) _t2 = P
trast (mwil.emm.01, =list (tf=1ist(cTask),gf=1ist (cGroup))) F=12=5.3962=29.12




