Keppel, G. & Wickens, T. D. Design and Analysis
Chapter 12: Detailed Analyses of Main Effects and Simple Effects

¥ OlIf the interaction is significant, then less attention is paid to the two main effects, and the
analysis tends to focus on the individoall means and the joint variation of the two
independent variables. If the interaction is not significant or is relatively small in size, then
attention is directed to the marginal means and the variation of each independent variable
without reference tthe other.O

¥ OThe analysis of any study must return eventually to the actual pattern of means.O

¥ OThis chapter deals with the analysis of individual independent variables, either as main
effects, when the other independent variablésiszgarded, or assimple effects, when the

other independent variablefigld constant. In either case, the analyses are functionally
identical to the analysis of a singactor design...0 HmmmEso you see why learning the
singlefactor design is so important!

12.1 Interpreting a Two-Way Design

¥ OThe first step in examining data from a factorial study is to plot the means.O The
interpretation of interactions is a bit tricky, so the time spent on interpreting graphs (in Chs.
10 and 11) is well spent. As K&W noted (whesdlissing removable interactions), itOs often
useful to plot the data in several ways (with each factor on the abscissa).

¥ As always, the focus of your analysis should be driven by the theoretical questions
motivating your experiment.

¥ The outcomes oftavo-factor analysis are quite complex. However, you can think of four
basic results:

1. Nothing at all is significant. After cussing furiously, you should think about whether or not
youOve designed a study with sufficient power. Is it worth pursuingjyestion with a

more powerful design?

2. The interaction is not significant, but at least one main effect is significant. HereOs where

the plot of means is important. Does it look like an interaction is present? If so, then you
might (again) consider thgour study did not have sufficient power. If so, then think about
ways to increase power. If, however, your graph reveals lines that are roughly parallel, you
might want to consider that the interaction is of no statisticptactical significance, which
should lead you to focus on any main effects that are significant. In your focus on the
marginal means, you are essentially reverting to axaeANOVA.

3. The interaction is significant, but is dominated by the main effects. In general, | think that
when an interaction is significant, one has to be a bit careful in interpreting the main effects.
Nonetheless, K&W illustrate situations in which one may wish to consider the main effects
as importari¥ even in the presence of a significant interaction. | ttiak their advice is
particularly salient when the interaction may disappear with an appropriate transformation of
the data.

4. The interaction is significant, and it dominates the main effects. | think that it will more

often than not be the case tha ghgnificant interaction makes the main effects difficult to
interpret in isolation. That is, the interaction so qualifies the interpretation of the main effect
that youOre better off focusing on the interpretation of the interaction and ignoring any
interpretation of the main effects.
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12.2 Comparisons for the Marginal Means

¥ OThe marginal means for either variable are obtained by averaging over the classification of
the other independent variable. You can actually think of the two sets of means ag comin
from two singlefactor designs.O

¥ OK, so letOs assume that your interaction is not significant, but your main effects are. As
long as the main effects have more than two levels, your significant main effect is as
ambiguous as a significaftin a singlefactor design with more than two levels. That is, you
know that at least two means are likely to have come from populations with different means,
but you donOt know which ones differ. You need to conduct some post hoc comparisons to
determine where theftitrences lie. Thus, you are actually on quite familiar ground, because
you would approach these comparisons as you would in a-$atgte design.

Computational Formulas )
¥ OA general formula for calculating the sum of squares for a-dingdenparisons...O

2
S, = (number of obsn. per mean) (V) ) (12.1)

2
' 2¢

For example, for Factor A}, = E(cj)(YA ) which gives the comparison of the two means.

Thus, for Factor A, th&S for the two means being compared would be:
_ @,

» 2
comp

¥ Ifyou have no reason to be concerned about heterogeneity of variance, you would evaluate
the MS,,,...i.. r€lative to theMs,,,,. from the overall analysis. As was the case for the one

way ANOVA, if you have computed a Browforsythe test and found that yslould be
concerned about violation of the homogeneity of variance assumption, you might then

choose to use an error term that is based on only those groups involved in the comparison.

SS, (12.3)

A Numerical Example

¥ For the K&W221 problem, suppose that you watdembmpare the impact of the Control
condition with Drug X. (Note that because the main effect was not significant, you would not
ordinarily be computing such a post hoc comparison. Maybe you would do so as a planned
comparison.) The coefficients that yaould use would be:

a & 3
Coefficients (9 1 -1 0
Marginal Means 7.00 11.00 12.00

Thus, P, = -4, s0SS,

Your F,,, = 64/18.33 = 3.49. As a planned comparison, you might compare this obfained
to a criticalF with no correction for inflated chance of Type | errB(l],18) = 4.41].
However, itOs really a post hoc comparison, so you would probably choose some post hoc

test (TukeyOs HSD? Fistidayter?).

= 64. MS,,,, would also be 64, becaugg,,, = 1.

Comp

_ @@’
2
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¥The approach to hand/calculator computation detailed here should provide you with some
insight into the computations, but | think that youOre better off if you simply think of the
comparisons as mHANOVAs, with all that is entailed by that fact. If you keep in mind the
fact that the comparison formula (12.3) is really just a way to compute an ANOVA on a
factor with two levels, you should then be able to consider how you couBP&sto

generate th8s,,,, andMs,,,, for any simple comparison of two means. Of course, youQd
then need to divide thafS.,,,, by the appropriaté?S,.,, which would come from the

overall ANOVA under conditions of homogeneity of variance. IOl demonstrate the computer
approach usingPSSater in this handout.

¥ For TukeyOs HSD or the FisHeyter approach, you could also use the critical mean
difference approach. The formulas are shown below, along with the information that youOd
use to evaluate the main effect of Drug in K&W221. Note ttat you use is determined by
then associated with the means youOre comparing. For these marginalimedns,

TukeyOs HSD FisherHayter

f f . f /1 33
HSD= q % =36 %33: 5.46 DF" H = qa"l % =297 ST =45

12.3 Interpreting the Interaction

¥You can attack a significant interaction in one of two ways. One appro#ishdanalysis of
simple effects (as detailed in Ch. 12). One definition of an interaction is that the simple
effects are not all the same. Thus, you would need to show that aiMeadtthe simple

effects differ. A second approach is to conduchlysis of interaction components (as

detailed in Ch. 13).

¥ As an important first step in understanding the simple effects, K&W stress the importance
of plotting the means. Because flieture that emerges may differ, itOs quite useful to plot

the data twice, with a different IV on the abscissa for each graph, as seen below for
K&W221.

Estimated Marginal Means of ERROR Estimated Marginal Means of ERROR

14 14
12 12

6 DRUG
DRIVE
4 g
9 1hrdep

B control

Estimated Marginal Means
Estimated Marginal Means

drugx

2 24hrdep 2 B Grugy
ooooo ] drugx drugy 1hrdep 24ahrdep

DRUG DRIVE

¥ OWhen a simple effect has more than one degree of freedom, it is a composite of various
simpleeffects. The next step is to examine these simple contrasts, just as we turned to an
examination of singlelf comparisons in a singlactor design whess, is a composite

effect.O

¥ OA significant interaction means quite literally that the simple effiegither independent
variable are not the same.O For example, when looking at a graph of the data (which should
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be the typical starting point) for K&W221, you should notice that you could look at the
simple effects of motivation for each level of drugaTs, you could compare 1Hr vs. 24

Hrs for Control, then Drug X, then Drug Y. From the figure, you might anticipate that a post
hoc comparison of simple effects would find that 24 Hrs > 1 Hr for the Control group, but
that 24 Hrs ! 1 Hr for the Drug X gugo, and 24 Hrs " 1 Hr for the Drug Y group. Certainly,

the differences among those simple effects would be consistent with an interaction.
[Obviously, youOd need to actually compute post hoc tests of the simple effects to see if the
apparent differencesaOreal.0] You might also choose to examine the simple effects of
Drug at 1 Hr and also the simple effects of Drug at 24 Hrs. It appears that the effects of Drug
are minimal at 24 Hrs (nesignificant simple effect), but that errors increase as you move
from Control, to Drug X, to Drug Y for 1 Hr (a significant simple effect). OBecause they
represent partially redundant information, you may not want to analyze both sets of simple
effects...O [or at least we donOt report that weOve analyzed l§9}h sets

¥ OWually, you will choose to analyze the set of simple effects that is the most useful,
potentially revealing, or easy to explain.O K&W suggest some rough guidelines to aid you in
deciding which simple effects to test (p. 248). | think that youOll genénéllithat one

approach or another will lead to an easier explanation of the interaction, which will lead you
to look at that particular set of simple effects.

12.4 Testing the Simple Effects

Computational Formulas

¥ Becausa simple effect analysis is equivalent to a-aragy ANOVA, you should once

again see the importance of really understanding that basic analysis. Thus, to compute a
simple effect, all that you do is compute a-ovay ANOVA on the particular effect. 1tOstju

that simple! K&W provide computational formulas for simple effects. However, | think that
you would generally get the computer to produce these analyses, so | show you how to use
the computer to create the appropriate analyses at the end of these notes.

¥ A number of different formulas will produce the same answers &5 thedMS for these
simple effects:

SSAatbk = HE;(Y/" - YBk)z

" b E(AB./?«) B;
SSyus, =[Aatb |"[Tatb, ], which yieldsss, ., . @
A Numerical Example
¥ For the K&W?221 data set, the AB matnwuld be:
Control Drug X Drug Y Sum
1Hr 12 40 56 108
24 Hrs 44 48 40 132
Sum 56 88 96 240
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To assess the simple effects of Drug at 1 Hr of deprivation and Drug at 24 Hrs of deprivation,
you would first compute th&S for the simple effects as:

" (Ale)z# B (12 +(40 +(56)

n  (a)(n) 4 (3)(4)
" (AB) , B (447 +(48°+ (40", (

n (a)(n) 4 (3)(4)

With 3 levels of the Drug factor, yodf for the simple effect would be 2. Thus 8 for

the two simple effects would be as seen below. Furthermorg,firecach simple effect
would be computed using thés,,. . from the overall ANOVA (presuming homogeneity of
variance).

S%atbl =

Saatb2=

Source SS df MS F
Drug @ 1 Hr 248 2 124 6.76
Drug @ 24 Hrs 8 2 4 22
S/AB 330 18 18.33

Because these would be post hoc tests (to help you explain a significant interaction), you
would need to evaluate the obtairfeslagainst appropriate critics, such as TukeyOs test.

In this case, because youOre trying to disentangle an interactioa,jakilg comparisons
among 6 means anlf,,,,. = 18, sog = 4.49 andF ., = 10.1. [Note that K&W appear to be
taking the approach abr correcting for inflated chance of familywise Type | error.] You
could also take the critical mean difference apprpatich would yield a critical mean
difference of 9.6. Using this approach, youOd find that Drug Y > Control at 1 Hr, but that all
other comparisons are not significant. That finding would be sufficient to allow you to make
some sense of the interactioight?

Variance Heterogeneity

¥ In the presence of heterogeneity of variance (signaled by the Biaraythe test or the
Levene test), you should probably use an error term for any comparison that uses only the
variances for conditions involved in the caanigon. That advice should strike you as quite
similar to the advice for singtactor designs. You may also consider means of minimizing
the heterogeneity, such as transformations of your data.

Partitioning of the Sums of Squares

¥ All of the variabilityin the SS;,,, that is due to a factor (e.gt) can be found by adding the
SS for the main effect oA (SS,) and the interaction involving (SS,,;). Thus, if you look at

the source table for the overall K&W221 ANOVA, youQll see thalSHe + SSiveracion =

112 + 144 = 256. If you add together the two simple efgetbove (248 and 8), youOll also
get 256. Moreover, thé€f for Drug (2) and the Drug*Deprivation Interaction (2) = 4, which is
the sum of thelf for the two simple effects.

¥ As K&W pointout, a simple effect is a bit complicated to interpret because it contains a
portion of the main effect and a portion of the interaction (as illustrated above). Thus,
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although the main effects and interaction are orthogonal to one another, simpleaeéfects
orthogonal to either the main effect or the interaction. This observation lies at the heart of the
Rosnow & Rosenthal (1989) article. OWhat this means, then, is that a significant simple
effect does not represent significant interaction effedtsegparticular level of the other
independent variable but, rather, the variability of the interaction and main effects
combined.O

¥ You can now think of th$,,,,.., as being partitioned into several different components:

SS =85S, +5S; +5S,,

Between
1
SSBem’een = SSA at by, + SSB

S%etween: E S% at aj + Sg\

¥ An interaction implies that simple effects differ, but finding simple effects that differ does

not necessarily imply an interaction. That is, you canOt reason backwards. You canOt infer
that a difference lieveen two simple effects is indicative of an interaction (because simple
effects contain a portion of a main effect as well as the interaction). K&W illustrate that point
with the example shown in Table 12.4.

¥ Toillustrate the independence of main effects and the interaction, | constructed two

different data sets. As you can see below, in both data sets, there appears to be an interaction.
Moreover, the slopes of tlkg andb, lines are exactly the same in boiduires. One

difference between the two data sets is that in one data set (Example 2) the difference
betweerb, andb, is larger than in the other data set at both leveds of

Example 1 Example 2
20 . 20

_m b2
_
_—

15 | i - 15 | -

DV
5
DV
S

Given these two data sets, can you predict what you would find in thysesaf these data?
Will the main effect ofd stay the same for both analyses? Why?

Will the main effect oB stay the same for both analyses? Why?
Will the interaction stay the same for both analyses? Why?

Below, you can see the two source tablesyghahey are not labeled. Can you determine
which source table goes with which data set? Were you correct in your predictions?
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Tests of Between-Subjects Effects

Dependent Variable: DV2

Type Il Sum
Source of Squares df Mean Square F Sig.
Corrected Model 1073.750° 3 357.917 511310 .000
Intercept 1638.050 1 1638.050 2340.071 .000
A 11.250 1 11.250 16.071 .001
B 1051.250 1 1051.250 1501.786 .000
A8 11.250 1 11.250 16.071 .001
Error 11.200 16 .700
Total 2723.000 20
Corrected Total 1084.950 19
a. R Squared = .990 (Adjusted R Squared = .988)
Tests of Between-Subjects Effects
_Dependent Variable: DV
Type Ill Sum
Source of Squares df Mean Square F Sig.
Corrected Model 123.750" 3 41.250 58.929 .000
Intercept 328.050 1 328.050 468.643 .000
A 11.250 1 11.250 16.071 .001
B 101.250 1 101.250 144,643 .000
A*B 11.250 1 11.250 16.071 .001
Error 11.200 16 .700
Total 463.000 20
Corrected Total 134.950 19

a. R Squared = .917 (Adjusted R Squared = .901)

Now that you can see both source tables, can you understand why some parts changed and
why some parts remained the same?

Imagine that you were going to compute simple effects for these data in an effort to
understand the interaction. If you were to compute the simple effe@satat, anda, for
both data sets, can you see why the simple effects would reflect the ioteeantt the main
effect?

12.5 Simple Comparisons

¥ In cases where the simple effect involves more than two means, you will need to conduct
additional analyses to determine which means contribute to the significant simple effect.
Thus, in K&W221, the simp effect of Drug at 1 Hr remains ambiguous. Which of the 3
levels of Drug actually differ? To determine the source of the significant simple effect, youOll
need to conduct what K&W calimple comparisons (single-df comparisons).

¥ Once youOre at the laviesimple comparisons, the critical mean difference approach
makes a lot of sense. For example, to disambiguate the simple effect of Drug at 1 Hr
deprivation, you could use the critical mean difference approach. However, IOm not
completely sure of the apopriateg value. If you are thinking in terms of interpreting the
interaction (which arises from six means), then | think it would be appropriate Muuder

of means = 6. On the other hand, if you think of the process as interpreting a simple effect
(with 3 levels), then usin§umber of means = 3 makes sense. |IOve used the more liperal
value below, but recognize that itOs a liberal decision. Note, however=than this case,
because the means youOre comparing come from only four participants (unlike the
comparisons for main effects shown above).
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TukeyOs HSD FisherHayter

M 18.33 .
HSD = q,/M - 3.61,/8T =773 De.p, = qa..ﬂ/% = 2.974? = 6.36
n

¥ Obviously, you could also take the ANOVA approach to interpreting the simple effect. For
instance, as K&W detalil, if you would like to compare the Control group with the Drug X
group for 1 Hr of deprivation, you could use the comparison formula:

"y =1 (¢)Y, ) = 3+ (810) £ 0=7

(" an) _ A7) _

SSan = > 98
#c 2

MSAatq _ 98

Faun = = =535
Aeh T MS, s 18.33

Once again, K&W conclude that the simple effect is significant, using the typical critical
value ofF(1,18) = 4.411 would argue that as a post hoc test, the approgFigtevould not

be the one found in the table, but might insteathbel ukey criticaF (10.1). Or, you could
take some other approach for controlling familywise Type | error.

¥ | would encourage you to keep in mind that you could equally well have used a statistical
package to compute the simple comparisons of intefestwould have to do some hand
computations (to create the properatio using the pooledts,,, ), but the computer could
still prove to be a timsaver.

¥ K&W caution that just because one simple comparison is significant and another is not
significant,does not establish that the two simple comparisons differ, but they defer an
explanation of their point to Ch. 13.

12.6 Effect Sizes and Power for Simple Effects

¥ K&W address the issue of computing effect sizes and power for simple effects. | think that
you are probably more likely to focus on the overall interaction effect size when estimating
the sample size necessary to achieve a particular level of power. Butfihgl yourself
compelled to estimate the sample size necessary to achieve a certain level of power for a
simple effect, you can look up the procedure in this section of the ch@pter.

12.7 Controlling Familywise Type I Error

¥ Ah, K&W finally addresde issue of the post hoc nature of simple effects tests. As they
acknowledge, these tests are surely going to follow the analysis of the data yielding main
effects and interactions. As such, they are likely to inflate the familywise Type | error rate.
Onepossibility is to do nothing (use the typical critical valug'pind allow the familywise
Type | error rate to increase.

¥ For post hoc analyses to understand main effects, you can take the same approaches
detailed for a ongvay ANOVA. That is, for a sall number of planned comparisons, do no
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adjustment. For a small set of comparisons, you would probably useEdfdroni. For a
complete set of simple comparisons, you might use TukeyOs HSD or theHzigteer

procedure.

¥ The situation for analysi$ simple effects is more complicated. Although some researchers
would argue that it is not necessary to further correct for farslviiype | error, K&W

argue that the SidfRonferroni procedure makes sense (e.g., with=.10).

¥ Thebottom line, which | think K&W espouse, is to be reasonable in your approach. That is,
you should probably use some form of protection against an inflated Type | error rate. But
you shouldnOt take too extreme an approach, because of the heightenedf eéh@ippe 11

error.
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Interpretation of Main Effects and Interactions (using Simple Effects)

¥ As I0ve indicated, | think that interpreting interactions is quite difficult. (And the
interpretation becomes increasingly difficult as the number of factorsases.) This
exercise is intended to help develop some facility in using simple effects to interpret
interactions in tweway independent groups designs. For each analysis, think about how you
might conduct the analysis usi&PSS

Suppose that youOréeirested in the impact of task difficulty and amount of reward
on performance. YouOve completed the analysis of thevawalesign in which your two
IVs were the Amount of Reward (Lo, Med, Hi) and Task Difficulty (Lo, Med, Hi). The DV
was performance (lowumbers = poorer performance). For this experiment, assume=that
10, andMs,,,,, = 30.
¥ Problem 1. What outcome would you expect from your ANOVA and what would you then
do with the following mean results:

Lo Reward Med Reward Hi Reward Marginal Mean
Lo Difficulty 80 85 90 85
Med Difficulty 70 75 80 75
Hi Difficulty 30 35 40 35
Marginal Mean 60 65 70
How would your results/interpretation changé1s,,,, = 2407?
Problem 1
g 60
Lc‘nw Dlzlﬁ(iiiul:r;ty Hiéh
Source SS df MS F

Between

Difficulty

Reward

Diff x Rew
Error
Total
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¥ Problem 2. Suppose that the results had been as seen below=\Walandv.

how would you interpret these data?

=30,

Error

Lo Reward Med Reward Hi Reward Marginal Mean
Lo Difficulty 85 85 85 85
Med Difficulty 60 75 75 70
Hi Difficulty 35 50 60 48
Marginal Mean 60 70 73
Problem 2
g High Fwa
Source SS df MS F

Between

Difficulty

Reward

Diff x Rew
Error
Total
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¥ Problem 3. With = 10 andVS

Error

= 30, how would you interpret these data?

Lo Reward Med Reward Hi Reward Marginal Mean
Lo Difficulty 70 80 90 80
Med Difficulty 60 75 75 70
Hi Difficulty 40 45 50 45
Marginal Mean 57 67 72
Problem 3
Difficulty
Source SS df MS F
Between
Difficulty
Reward
Diff x Rew
Error
Total

K&W 12 - 12




¥Problem 4. Withh = 10 andVS

Error

= 30, how would you interpret these data?

Lo Reward Med Reward Hi Reward Marginal Mean
Lo Difficulty 80 85 90 85
Med Difficulty 70 75 80 75
Hi Difficulty 30 35 20 28
Marginal Mean 60 65 63
Problem 4
High Rwd
° Lc;w Med‘ium Hiéh
Difficulty
Source SS df MS F
Between
Difficulty
Reward
Diff x Rew
Error
Total

Which Problem is This?

100

60

Performance

407

804 Low Diff /

R

Hi Diff A/\
20

T T
Medium High
Reward
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Post Hoc Analyses of Two-Way ANOVAs in SPSS
Post Hoc Comparison of Marginal Means (12.2)
¥ First of all, keep in mind how the data would appear iSBf@Ssavfile (below left). For
an analysis of the marginal means, you would simply treat the analysis asvayone
ANOVA (but then use the appropriate error term to construct the analyses). That is, to
compare the Control group to the Drug X group, you would lsingpore the Drive variable
and select cases to exclude all of the Drug Y group. Because | used string variables for the
IVs, | have to compute the oweay ANOVA using the General Linear Model, which
produces the output seen below right.

drive error [
Tests of Between-Subjects Effects
control lhrdep 1
2 control 1hrdep 4 Dependent Variable: ERROR
Type lll Sum
3 |control Lhrdep 9| Source of Squares df Mean Square F Sig.
4 |control 1hrdep 7 Corrected Model 64.000° 1 64.000 2.422 142
s |control 24ahrdep 15| Intercept 1296.000 1 1296.000 49.038 000
6 |control 24ahrdep 6 DRUG 64.000 1 64.000 2.422 142
Error 370.000 14 26.429
7 control 24hrdep 10
Total 1730.000 16
8 [control  |24hrdep 13 Corrected Total 434.000 15
9 |drugx thrdep B a. R Squared = .147 (Adjusted R Squared = .087)
10 ldruax Thrden 5

Out of tha whole source table, of course, you need only one value to W48&.3s,,.,,.
(64.0). You would then divid&S..,,,.is.. Y MS,,,,, from the overall ANOVA (18.33) to
arrive at the'c,,,,.i.., = 3-49. To compare the Control group with the Drug Y growmuld
simply exclude the Drug X group (and, again, ignore the Drive IV entirely) Mg, .. icon
from this ANOVA would be 100 (from the source table below). ThYs,,, ..., = 5.46.

Tests of Between-Subjects Effects

Dependent Variable: ERROR

Type Ill Sum
Source of Sguares df Mean Square F Sig.
Corrected Model 100.000° 1 100.000 4.217 059
Intercept 1444.000 1 1444.000 60.892 .000
DRUG 100.000 1 100.000 4.217 059
Error 332.000 14 23.714
Total 1876.000 16
Corrected Total 432.000 15

4. R Squared = .231 (Adjusted R Squared = .177)

Post Hoc comparison of Simple Effects of Drug at Both Levels of Deprivation (12.4)

¥ To construct simple effects of Drug at 1 Hr, | would simply select cases to exclude all of
the participants who were exposed to 24 Hrs of deprivation. It sure seems wasteful, but we
only need a little bit of information from the comyplgource table that emerges (below).

Tests of Between-Subjects Effects

Dependent Variable: ERROR

Type Il Sum
Source of Squares df Mean Square F Sig.
Corrected Model 248.000" 2 124.000 7.750 011
Intercept 972.000 1 972.000 60.750 .000
DRUG 248.000 2 124.000 7.750 .011
Error 144.000 9 16.000
Total 1364.000 12
Corrected Total 392.000 11

a. R Squared = .633 (Adjusted R Squared = .551)

As you can se&S,, ., . u = 248, saMS,,,, . 1, =124. For simple comparisons (to explain the
source of this simple effect), | would just further exclude cases (e.g., exclude the Control
group to compare Drug X and Drug Y at 1 Hr Deprivation).
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