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Considerable attention is typically given to Type I and
Type 11 errors when conducting empirical research. This
article presents an error, often ignored in marketing and
consumer behavior research, termed Type IV error. This
error results from the improper investigation of interac-
tions in an analysis of variance A review of research
published 1n Journal of Marketing Research and Journal
of Consumer Research found widespread occurrence of
Type IV errors. Llustrative improper interpretations of
interactions are discussed and approaches for properly
investigating interactions are presented. Situations where
interactions need to be tested and interpreted are noted.
These situations are contrasted with those where it is more
appropriate to examine cell mean differences. The correct
use of graphs of cell means is also discussed. Guidelines
are presented for avoiding Type IV errors

In classical hypothesis testing in marketing and con-
sumer behavior research, researchers have traditionally
been concerned with two types of errors: Type 1 error,
falsely rejecting Hp, and Type II error, not rejecting H,
when 1t 1s actually false (cf. Sawyer and Ball 1981). These
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two errors are well established in the research literature and
are addressed in virtually every marketing research text
(e.g., Green, Tull, and Albaum 1988; Lehmann 1985;
Peterson 1988).

Another error has been labeled Type III error. This error
includes “the error committed by giving the right answer
to the wrong problem” (Kimball 1957, p. 134), “correctly
rejecting the null hypothesis for the wrong reason”
(Mosteller 1948, p. 61), “deciding upon a difference n the
wrong direction” (Kaiser 1960, p 163), or reaching the
wrong conclusion because an inappropriate statistical
technique was used (Carrier and Wallace 1989)

The focus of this article is Type IV error Type IV error
1s defined as the incorrect investigation of an interaction in
an analysis of variance. Type IV error occurs when nter-
actions are examined although the hypotheses require cell
means to be analyzed or, conversely, cell means are exam-
med when the hypotheses require that interactions be
analyzed. As an extension, Type IV error occurs when cell
means are graphed and the patterns in these graphs are used
to interpret interactions. Incorrect interpretation of interac-
tions can lead to erroneous inferences from the research
and, consequently, incorrect decisions.

INTERACTIONS AND TYPE IV ERRORS

An interaction can be viewed from two different per-
spectives (Sohn 1991). First, 1t can be viewed from a

Copvright © 2001. All Rights Reseved.
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conceptual perspective in which two or more independent
variables (factors) influence each other in a number of
different possible ways to yield an outcome For instance,
a drug can interact with a medical condition to produce a
positive or negative effect in a patient. This perspective is
fairly broad and includes many different natural phenom-
ena. Second, 1t can be viewed from a statistical perspective.
Methodologists such as Rosenthal and Rosnow (1991)
define interactions as residual effects remaining 1n an
analysis of variance once the main effects of two or more
variables have been removed. A slightly different, al-
though related, definition 1s that of Keppel (1991) “An
interaction 1s present when the main effect of an inde-
pendent variable is not representative of the simple effects
of that variable” (p 197). Similarly, Peterson (1988) stated
that “[t]echnically, an interaction exists when the effect of
one treatment factor varies across levels of one or more
other treatment factors If no interaction exists, the effect
of one factor 1s independent of that of another” (p 524).
The defimition of Type IV error used in this manuscript is
based on the statistical concept of an interaction in an
analysis of variance.

Type IV errors have been examined—and disputed—in
the behavioral science literature for more than a quarter of
a century. Marascuilo and Levin (1970, 1976; Levin and
Marasculo 1972, 1973) and Rosnow and Rosenthal (1989,
1991, Rosenthal and Rosnow 1991) are widely recognized
as the principal individuals warming about the pitfalls
associated with the primary genre of Type IV errors, that
1s, incorrectly interpreting a statistically significant inter-
action through a comparison of cell means. However, their
views and positions have been questioned and alternative
perspectives put forth.

In criticizing the views of Marascuilo and Levin,
Games (1973, 1978) argued that cell means are often more
easily interpretable than interaction terms and, therefore,
researchers should be more concerned about producing
interpretable results than employing a single underlying
mathematical model. He called for sometimes changing
the model during the course of analyzing a complex data
set. This, Games argued, 1s part of the flexibility desired in
good scientists and data analysts. In their reply to Games
(1973), Levin and Marascuilo (1973) pointed out that such
an approach violates a fundamental tenet of hypothesis
testing—the existence of a priori significance levels. Fur-
ther, they noted that it is quite possible to have a statisti-
cally sigmificant interaction and no significant differences
between cell means. In such a case, using Games’ sugges-
tions, the interpretation of an interaction would be unclear.
Similarly, Meyer (1991) and Becker and Coolidge (1991)
criticized Rosnow and Rosenthal’s argument against the
use of cell means to interpret interactions. Instead, they
stated that much could be gained by examining cell means
when interpreting interactions.

Despite the recognition of Type IV error in the behav-
joral science literature, 1ts occurrence seems to be wide-
spread For example, Kaufman, Dudley-Marling, and
Serlin (1986) found that 79 percent of the articles they
reviewed 1n the special education literature that reported
statistically significant interaction effects committed a

WINTER 1996

Type IV error, and Rosnow and Rosenthal (1989) found
that 56 percent of the articles they reviewed in psychology
demonstrated confusion about the interpretation of inter-
actions. Moreover, Type IV errors are also routinely com-
mitted in analysis of variance texts and treatises.

Only one article in the marketing/consumer behavior
literature was uncovered that addressed Type IV error,
even though an extensive search was undertaken. Al-
though they did not use the term “Type IV error,” Ross and
Creyer (1993) discussed various approaches to the analy-
sis and interpretation of interactions. Therr article, Iike
most of the 30-odd papers addressing the interpretation of
interactions that have appeared in the behavioral science
literature, examines cell means and interactions The pres-
ent article goes beyond Ross and Creyer’s work 1n several
significant ways Specifically, given the state of knowl-
edge regarding Type IV error, the mitial objective of the
present article was to document its incidence 1n marketing
and consumer behavior research. A second objective was
to provide a series of recommendations on how to avoid
Type IV errors.

THE INCIDENCE OF TYPE IV ERROR

To establish the mcidence rate of Type IV error in
marketing and consumer behavior research, every article
and research note published in the Journal of Marketing
Research (JMR) and the Journal of Consumer Research
(JCR) from 1987 to 1993 was examined These journals
were deemed representative of the marketing/consumer
behavior literature, the time period was sufficiently recent
to be relevant yet sufficiently long for analysis purposes.
Inall, 610 articles and notes (282 in JMR; 328 in JCR) were
examined. Of these, 149 reported a statistically stgnificant
ANOVA 1nteraction (46 in JMR; 103 1n JCR)

The occurrence of Type IV error can be studied by
considering two common manifestations relating to the
investigation of statistically significant interaction effects:

¢ Interpreting a significant interaction by comparing
cell means

o After finding a significant interaction, interpreting
graphed cell means without additional statistical
analysis

Of the reviewed articles in JMR and JCR containing
statistically sigmficant interactions, 75 percent commutted
some form of Type IV error. Table 1 summarizes the results
of the review. Although seemingly high, as previously
noted, similar levels of Type IV error have also been
observed 1n other disciplines

The most common Type IV error found in JMR and JCR
was the 1nvestigation of interactions using cell mean dif-
ferences. Ninety-two percent of the articles containing a
Type IV error commutted this manifestation of the error.
The other manifestation of Type IV error was the investi-
gation of an interaction using a graph of cell means
Twenty-three percent of the articles with Type IV errors
exhibited this manifestation of the error. The percentages




TABLE 1
Incidence of Type IV Error in JMR and JCR,
1987-1993
JMR JCR  Total
Number of articles and notes published 282 328 610
Number of articles with statistically
significant interaction effect 46 103 149

Number of articles with statistically
significant interaction effect that have
Type IV error 32 80 112
Percentage of articles with Type IV error 70 78 75
Error mamfestation®
Number of articles using cell mean
differences 31 72 103
Number of articles using graph of means 8 18 26

a Error manifestation does not equal the total number of articles with Type
IV error because some articles have more than one manifestation of Type
IV error

in Table | add up to more than 100 percent because
some articles committed both manifestations of Type IV
error.

INVESTIGATING INTERACTION EFFECTS

To fully understand and appreciate Type IV error, it 1s
necessary to review the basic main-effect/interaction-ef-
fect ANOVA model. The overwhelming majority of inter-
action effects reported in marketing and consumer
behavior studies are two-factor interactions. Conse-
quently, the two-way ANOVA 1s used as the vehicle to
discuss 1nteractions. In those mstances where higher order
interactions exist, typically researchers merely report their
existence without attempting to interpret them. Higher
order 1nteractions, such as four-factor interactions, are
extremely difficult to interpret, and consequently their
potential for misinterpretation 1s of less interest because
they are rarely, if ever, investigated by researchers. Having
said this, however, it is important to note that interpreting
interactions using cell mean differences and/or examining
graphical patterns is just as problematic for higher order
mteractions as it is for two-factor interactions. Conse-
quently, the discussion of improper investigations of inter-
actions applies to higher order interactions as well.

Interpreting Interaction Effects
Using Cell Means

The most common Type IV error made when investi-
gating 1nteraction effects involves comparison of cell
means when interpreting a statistically significant interac-
tion. This results in part from an intuitive but incorrect
notion of interaction that does not correspond to the con-
ceptualization of interaction in the ANOVA statistical
model (Rosenthal and Rosnow 1991).

Consider an ANOVA design with y as the dependent
variable. Let the cell means, y,, represent unbiased estima-
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tors of the population means, p,, where i designates the
column number and j the row number. Using common
ANOVA notation,

Yy =R+ (0 + B+, (1)
where

W = overall mean of all cells

o, = treatment effect for ith level of factor A
B, = treatment effect for jth level of factor B
v, = interaction effect of factors A and B.

Thus interpreting a cell mean 1n terms of the interaction
would 1gnore the main effects and the grand mean. Rewrit-
ing equation (1) with the interaction term on the left side
of the equation readily illustrates that it 1s a restdual effect
after removing the grand mean and the main effects.

’Yy=§u—u_(at+ ﬁ])
Assuming equal cell sizes, the difference between cell
means y, and y,; can be represented by

§U*§.7'=(l~l+0“+ B,+Yx,)—(u+ar+ Bj'+’Yl'j') (2)
= (al - a:’) + (Bj - Bj’) + ('Yu - 'Yl'j')'

Thus when the two cell means, y, and y,;, are compared,
the comparison 1s not only between the interaction effects
Y, and v,.. The comparison also incorporates the main
effects o and B. Even if the difference between two cell
means 1s zero, there is no guarantee that the interaction
effects are zero, because the other terms 1n equation (2)
may cancel out the interaction terms. Likewise, 1f the cell
means are significantly different, that is y, -y, # 0, there
1s no way to know if this is due to the differences between
o, and o, B, and B, or ¥, and v,;. That is, the interaction
terms may well be nonsignificant. Equation (2) can be
rewritten to show that the difference between the interac-
tion terms in two cells equals not only the difference
between the cell means but also a number of man effect
terms.

Yy =0y =y — (. —a) - (B, -B) .

In brief, the magmtude of any difference between cell
means does not necessarily reflect the magnitude of inter-
actions or vice versa.

In many applications, researchers compare cell values
within a row (or within a column) when examining the
effect of one factor at a time. For instance, within column
1, the difference n the cell means y,, and y,; (where j and
J' are two rows 1n column 1) can be written as.

;lj _ylj' = (u + al + Bj + Y]j) - (H + al + Bj’ + Ylf) (3)
= (ﬁ] - B_/") + (Ylj - ’Yljl)‘

Copvright © 2001. All Rights Reseved.
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Thus, 1in general, a difference between cell means
within a column equals a combination of differences be-
tween main effects (B) and interactions (y) Therefore, a
difference between the cell means does not reflect the
magnitude of interactions or vice versa. The difference
between cell means within a column (or row) cannot be
used to mterpret a finding of significant interaction. Con-
sequently, as before, by itself a significant difference be-
tween cell means, within a column or across a row, cannot
be interpreted as an indication of a significant interaction.

All of the arguments used 1n this article regarding the
misinterpretation of interactions presume that the interac-
tion is in fact statistically significant. Consequently,
ANOVA statistics such as sum of squares, mean squares,
and degrees of freedom are not presented here to demon-
strate statistical significance testing. (Besides, information
on basic ANOVA tests 1s available 1n most introductory
statistics textbooks.)

In some situations, researchers explain phenomena by
examining the difference between each of two pairs of cell
means and then calculating the difference between the two
differences. For example, a manager might be interested
1n the difference 1n the sales of products A and B, and how
this difference is different for East Coast and West Coast
markets. When the differences between differences of cell
means are calculated, the only remaining terms are the
interaction terms (). However, a test of these differences
1s not the same as the omnibus F test for an interaction 1n
the ANOVA model The difference between differences in
cell means, such as

Gz/ —-)7:/’) - (yx’] _yl'j’) = [(]"L + o, + Bj + Yg)
—(+ o+ B+l
—[(u+o+ B+ C)
—(p+o+ B;‘ + Yl
= (Yl] - Yu) - (Y:'j - Yn’;')s

can be expressed purely with interaction terms. However,
because the omnibus F test for an interaction in the
ANOVA model tests the null hypothesis Ho. v, = O for all
y, the two tests are not equivalent This 1s because the
former tests whether differences between or among the
Interaction terms are zero, whereas the latter tests if each
of the interaction terms 1s zero

The consequences of a misinterpretation of an mterac-
tion can be 1llustrated with a hypothetical example Con-
sider a 3 x 3 ANOVA where factor A represents price level
and factor B represents type of promotion The dependent
variable 1s a subject-rated perception of quality on a —10
to +10 scale. Panel A of Table 2 contains the mean per-
cetved quality for each of the mine cells, together with the
respective column and row means.

Because 1interaction effects are residual effects, in a
two-way analysis of variance (A x B) they are the effects
remaining after the row and column effects (the man
effects of A and B, respectively) have been removed
Interaction effects are extracted by subtracting the grand
mean and the row and column effects from the observed
cell means. (For those who prefer to work with row and

T AT RTINS R e
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TABLE 2
Hypothetical Example lllustrating
the Extraction of Interaction Effects

Type of Promotion
Coupon  FSI  Rebate  Row Row
Price (1) (2) (3) Mean Main Effect

A Mean percetved quality ratings with row and column effects shown

High price (a) 7 2 0 3 2
Medium price (b) 5 0 1 2 1
Low price (c) ) 4 -4 -2 -3
Column mean 2 2 -1 1

Column main effect 1 I -2

B Interaction effect of Price X Promotion on peiceived quality”

High price (a) 3 -2 -1
Medium price (b) 2 -3 1
Low price (c) -5 5 0

a Overall mean, row effects, and column effects have been removed

column means rather than effects, the interaction terms are
obtained by subtracting the row and column means and
adding back the grand mean to the observed cell means )

Specifically, the first step 1n 1solating interaction effects
1s to obtain the row and column effects as shown 1n panel
A of Table 2 These row and column effects are calculated
by subtracting the grand mean from the respective row and
column means. The next step 1s to subtract the correspond-
ing row and column main effects from each cell Finally,
after subtracting the grand mean from each cell, only the
interaction effect remains (panel B of Table 2) It should
be noted that negative interaction terms should not be
interpreted as literal negative differences, but rather as
indicating relatively less of an effect of the treatment in
that cell (Becker and Coolidge 1991)

To examine interaction effects, 1t 1s necessary to go
through this sertes of steps Most marketing studies do not
go through these steps (for an exception see Yadav and
Monroe 1993) Testing cell mean differences 1s not suffi-
cient to draw inferences about interactions; 1t 1s obvious
from Table 2 that there is no particular relationship be-
tween interaction terms and cell means Simularly, differ-
ences between cell means do not show any pattern of
relationship with the interaction terms For instance, the
difference between the first two terms 1n the first row of
panel A equals 5 (1e,7 —2 =15) This number, or similar
differences between other pairs of cells, does not corre-
spond to the interaction term. Using equation (3) 1t can be
demonstrated that this number consists of the difference
between the two corresponding column effects and the
difference between the two interaction terms. Without
specifically subtracting out the column effects, 1t 1s not
possible to relate the cell means or their differences di-
rectly to the interaction terms Further, the magnitudes of
some of the interaction terms exceed the row and column
effects The pattern of numbers shows that examining cell
means, or differences between cell means, does not pro-
vide any implications about the interaction between two
factors




The above example can also be used to show that simply
testing differences between differences in cell means is not
equivalent to a test of interaction terms as shown 1n equa-
tion (4). Consider again the matrix of cell means 1n panel
A of Table 2 The difference between the first two cells 1n
column 1 (= 7 — 5) and that between the first two cells in
column 2 (= 2 — 0) are both equal to 2, and consequently
the difference between the differences in those cell means
equals zero. The nteraction terms in panel B, however,
show that there is an interaction between the two factors

Equation (4) is noteworthy because even those text-
books and articles that are sympathetic to the viewpoint
that nteractions must be correctly interpreted make the
mustake of assuming that the test of the interactions is the
same as the test of the differences between differences of
cell means. One explanation for this misinterpretation is
that 1n the special case of a2 X 2 analysis of variance, which
1s typically the case used 1n text illustrations, the interac-
tion terms are equal in magnitude but opposite 1n sign. By
defimition, interaction terms sum to zero along each row
and column Consequently, in a 2 X 2 matrx, the two cells
in each row (or column) are equal but of opposite sign. All
differences within a pair of rows (or a pair of columns) are
of equal magnitude but of opposite signs. In this special
case, the difference between differences 1s always nonzero
except when all the nteraction terms 1n the four cells are
also zero (e g., if one difference equals a and the other
difference equals —a, their difference equals either 2a or
—2a) In all other cases, such as ANOVAs of size 2 X 3,
3% 3,4 x2, and so forth, the test of the difference between
differences of cell means 1s not the same as the omnibus
test for interactions

Empirical lllustrations

The importance of separating interaction effects from
main effects 1s 1llustrated by a reanalysis of experimental
data reported by Oliver and DeSarbo (1988) 1n their explo-
ration of the effects of expectation and performance on
satisfaction. Oliver and DeSarbo hypothesized a high level
of satisfaction in a low expectation, high performance
treatment condition because of a “surprise effect” (1.e.,
surprise due to unexpectedly high performance). Their
results indicated a significant Expectation X Performance
mnteraction They interpreted this interaction in terms of
cell means and stated that they did not find the hypothe-
sized surprise effect because “[a]lthough the subjects re-
sponded favorably to this [low expectation, high
performance] situation, responses to the high expectation,
high performance condition show higher levels of satisfac-
tion” (Oliver and DeSarbo 1988, p. 504). They interpreted
the interaction as not directly supporting their hypothesis
because of the large cell mean in the high expectation, high
performance condition. However, 1t 1s necessary to 1solate
the interaction effects by decomposing the cell means and
extracting the interaction effects before such an inference
1s warranted This has been done in panels A and B of Table
3 for the Oliver and DeSarbo data.
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TABLE 3
Reanalysis of Data From
Oliver and DeSarbo (1988)

Expectation

Row

Performance Low (1) High(2) Row Mean Man Effect

A Mean satisfaction ratings and row and column effects

High (a) 45 49 47 035
Low (b) 37 43 40 -035
Column mean 41 46 435

Column main effect 025 025
B Interaction effect of Performance x Expectation on satisfaction®

High (a) 005 005
Low (b) 005 005

a Overall mean, row effects, and column effects have been removed

From Table 3, it is apparent that, contrary to Oliver and
DeSarbo’s interpretation, the combination of low expecta-
tions and high performance did result in a higher level of
satisfaction after removing the individual main effects of
expectation and performance. In fact, the negative interac-
tion effect for the high expectation, high performance
condition implies further that the large cell mean for that
condition (which Oliver and DeSarbo [1988] used to inter-
pret the interaction) was a result of strong positive main
effects for expectation and performance and not the joint
effect of high expectations and high performance. There-
fore, Oliver and DeSarbo failed to identify the source of
the large cell mean because it was not properly decom-
posed into main effects and interaction effects. If the
surprise effect 1s the effect beyond the main effects of
performance and expectation, then the combination of low
expectation and high performance did produce a positive
surprise effect (as shown in panel B of Table 3). This result
was significant and consistent with their original hypothe-
s1s, but contrary to their interpretation.

In some 1nstances, statistical tests are not conducted to
evaluate mean differences. Instead, interpretations of sig-
nificant interactions are stmply based on observed mean
differences. For example, in their investigation of the effect
of argument strength and frequency of summarizing rhe-
torical questions on argument recall, Munch and Swasy
(1988) found a significant Argument Strength x Summa-
rization interaction and concluded that “[f]or strong argu-
ments, rhetorical and declarative combined, acceptance
decreased with increasing frequency (5.73, 5.58, 5.29). For
the combined conditions of weak arguments, acceptance
increased with increasing frequency (4.59, 4.66, 4.95)”
(p. 73). Sumilarly, Hastak and Olson (1989) interpreted a
Message Quality x Processing Goals interaction following
a sumple visual comparison of means within levels of
message quality.

Even though there may be a statistically significant
interaction, there is no reason to believe that cell mean
differences exist or that they are statistically significant.
Although simply observing cell mean differences (without
using a statistical test) 1s a relatively common way of

Copvright © 2001. All Rights Reseved.



22 JOURNAL OF THE ACADEMY OF MARKETING SCIENCE

WINTER 1996

FIGURE 1
Graphs of Table 2 Data
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interpreting interactions in marketing and consumer re-
search, such a procedure may lead to improper inferences
regarding interactions. The point is not that researchers
should test interactions for statistical sigmificance; they
almost always do Rather, the pont is that after finding a
statistically significant interaction, it may be misleading to
simply visually inspect patterns of means as if the patterns
themselves were statistically significant. In the Munch and
Swasy (1988) study, the finding of significant interactions
should not necessarily imply that a statistically significant
trend effect exists 1n the cell means. Likewise, Hastak and
Olson (1989) would have to conduct statistical tests of cell
mean differences before reaching conclusions about the
means.

Interpreting Interactions
Using Graphed Means

Frequently, graphs of cell means are used to interpret
interactions. Although the underlying problem of doing so
1s stmular to the misinterpretation of interactions using cell
mean differences 1n that cell means are used in both
situations, 1t differs in the sense that graphs of the means
are used to imterpret significant interactions rather than
individual cell means.

To graph interaction effects, the effects need to be
extracted from the observed cell means and then graphed.
The example presented in Table 2 has been graphed in
Figure 1. The magnitude of the interaction terms shown in
panel B of Figure 1 cannot be easily determined by exam-
ining the graph of cell means (panel A of Figure 1) or vice
versa For instance, the graph of perceived quality ratings

for the high price and medium price condrtions consists of
parallel lines for coupons and free standing inserts How-
ever, the parallelism does not lead to zero interactions 1n
the corresponding cells. Consequently, examining a graph
of cell means 1s not recommended for interpreting interac-
tions The crossed lines 1n a graph of cell means 1s not a
graph of an interaction effect; rather, 1t 1s a graph of all the
effects—main and interaction—in the ANOVA model

Wiener, LaForge, and Goolsby (1990) conducted an
experiment to examine the effect of self-interest in a
personal communication situation They hypothesized
that when self-interest 1s high, an Argument Strength X
Expertise interaction 18 present; that 1s, communication
effectiveness 1s enhanced when high-expertise communi-
cators use strong arguments and when low-expertise com-
municators use weak arguments. On the other hand, when
self-1interest 1s low, they hypothesized that no Argument
Strength X Expertise mteraction would be present; that 1s,
communication effectiveness 1s enhanced when commu-
nicators use strong arguments regardless of the level of
expertise. They then graphed the cell means and used these
graphs to summarize the interactions

Earlier 1n the manuscript it was shown (in panels A and
B of Table 2) how cell means can be decomposed 1nto main
effects and interaction effects The graph of interaction
effects would be a graph of the effects obtained after the
removal of the overall mean, row, and column effects as
illustrated in Table 2. The magnitude of the residuals would
provide an indication of the effect sizes of the interactions,
particularly in comparison to row and column effects.
Similar tables could be constructed for the Wiener et al
analysis. If the researchers intended to graph the interac-
tion effect, they should have extracted and graphed it




Therr figure, labeled “Summary of Interactions,” is really
a graph of cell means. A graph of cell means should not be
referred to as a graph of interaction effects, because these
means are composed of both main effects and interaction
effects. Despite the misnomer (and the possibility of con-
fusion), the researchers reached the proper inference, at
least 1n direction if not in magnitude, in this instance.

Because an interaction effect refers to the residual effect
of two or more factors, 1t cannot be traced exclusively to a
single factor. However, some studies attribute an interac-
tion effect to a particular level of a factor. For example,
Madden, Allen, and Twible (1988) investigated the effects
of humorous and nonhumorous ad executions and dis-
guised and nondisguised processing sets on attitudes to-
ward ads. They presented a graph that displayed a
statistically significant mean difference in the “disguised”
level (within the “processing set” factor) and a nonsignif-
icant mean difference in the “nondisguised” level of that
factor. After finding a significant Ad Execution X Processing
Set interaction, they interpreted the graph to mean that “the
plotting of the means reveals that the obvious source of the
effects for this variable 1s based exclusively 1n the dis-
guised condition” (pp. 247-248). In other words, they
concluded that the interaction was due to one level (i.e.,
disguised) of the processing set factor. This is incorrect
By definition, the interaction effect includes the combined
effect of at least two factors and cannot be traced exclu-
sively to one factor. In fact, the main effect for processing
set (which includes the disguised and nondisguised condi-
tions) 1s not statistically significant. The correct interpre-
tation of interactions based on the Madden et al. (1988)
data 1s that the combined effect of ad execution and pro-
cessing set exerted an influence on positive affect (the
dependent variable) beyond the separate influence of the
main effects. Madden et al.’s misinterpretation arises from
only a visual inspection of cell means that have a large
difference for the disguised condition and only a small
difference for the nondisguised condition.

Although interactions cannot be attributed to a single
factor, a cell mean can be decomposed into main effects
and interaction effects as demonstrated in equation (1). The
mnteraction term corresponding to each cell, as shown in
panel B of Table 2, provides the relative magnitude of the
effect of the interaction of the two factors. Further, the
absolute value of the interaction terms can be compared to
the absolute values of the corresponding main effects to
reveal their relative importance. For the (1, 1) cell in panel
A of Table 2, the row main effect for high price equals 2
and the column main effect for coupon equals 1, whereas
the interaction of high price and coupon equals 3. In other
words, the magnitude of the interaction effect is greater
than either main effect and equals the sum of the two main
effects Such comparisons of magnitude provide guidance
when nterpreting the relative importance of interactions
and main effects in influencing cell mean magnitudes. In
a 2 x 2 design, the interaction terms are all equal in
(absolute) magnitude. As such, a table of interaction terms
in the 2 x 2 case provides limited insight into the influence
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of factors by indicating the absolute magnitude of the
interaction of two factors. In contrast, a table of interac-
tions 1s particularly useful in 2 X 3 and larger designs. Such
a table would not only mdicate the absolute magnitude of
the interaction effects but would also provide insights into
the differential effects of interactions based on the relative
magnitude of the interaction term for each cell.

Should Cell Means Be Graphed?

The problem of confusing cell mean differences with
interactions must not be viewed as a rationale for not
graphing cell means. In fact, it is recommended that cell
means routinely be graphed. Doing so facilitates infer-
ences about the effect of the factors. It is just that cell mean
differences should not be confused with interactions.

Graphs of cell means are useful because they provide
an intuitive understanding of the magnitude of the depen-
dent variable The wvisual distance between two plotted
means provides a clear and memorable picture about dif-
ferences between the cells. This 1s particularly important
when there are numerous cells 1n a multifactor design (as
compared to a stmple 2 X 2 design). When there 1isann X n
design, frequently it is not immediately apparent which
cell mean differences are the largest, smallest, or so forth,
without conducting a pairwise comparison of all cell
means. For instance, with a 5 X 5 design, the process of
evaluating 300 pairwise comparisons (C3° = 300) would be
mentally taxing (see Monlezun [1979] and Stanley [1969]
for suggested approaches for visually inspecting interac-
tron graphs). Even with a 2 x 2 design, a graphical plot
might provide a clearer perspective on the respective cell
means than a simple numerical presentation of the means.
Moreover, a graphical plot also provides a visual repre-
sentation of how the different treatments affect the depen-
dent variable. Such a graph, however, 1s not the same as a
graph of the interaction effect as demonstrated 1n Figure 1

The parallelism or nonparallelism of lines in graphical
plots of cell means should not be used to interpret interac-
tions. Furthermore, as noted with regard to Figure 1, the
magnitude of nonparallelism does not necessarily reflect
the magnitude of the interaction Nonparallel lines, al-
though suggestive of potential interaction, should not be
used to interpret an interaction because, as shown by the
equations in this manuscript, cell means reflect both inter-
action and main effects. To investigate and interpret inter-
actions, 1t 1s necessary to calculate the interaction terms as
noted in equations (1-4).

When to Test Cell Means
Rather Than Interactions

Examination of cell means 1s necessary in many mar-
keting studies. At a fundamental level, cell means indicate
the combined effects of two or more factors on the depen-
dent variable. Frequently, a hypothesis simply states that
one particular cell mean is greater than (or equal to) another
cell mean In such a situation, a test of whether the cell
mean difference is statistically significant is sufficient to
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test the hypothesis. An interaction test 1s not meaningful
here and should not be performed (Schoorman, Bobko, and
Rentsch 1991)

A potential problem with testing an 1nteraction, when
only differences among cell means are of interest, 1s the
possibility that a significant cell mean difference might
exist even though a nonsignificant interaction effect is
observed The F ratio used in an ANOVA to test whether
an interaction term 1s statistically significant consists of a
ratio of two mean squares (1.e., MS ,,z/MS;) However, this
test assumes that the sum of squares associated with MS,, 5
1s more or less equally distributed among all cells contrib-
uting to the A x B interaction (Marascuilo and Levin 1970)
If an interaction term possesses many degrees of freedom,
it might be found nonsignificant even if most of the sums
of squares can be attributed to one outlier cell In other
words, if one cell mean is significantly different from all
other cell means, but all other cell means are approxi-
mately equal, then an overall test of the interaction may
indicate a nonsignificant interaction even though signifi-
cant cell mean differences exist. Consider the following
hypothetical 2 x 2 ANOVA design with three observations
m each cell.

Factor A
Factor B Al A2
B1 140 80
150 100
160 120
B2 73 45
75 50
77 55

In this example, multiple pairwise comparisons (Kep-
pel 1991) to control the Type I experiment-wise error rate
at .05 reveal that the mean for cell A1B1 is significantly
different from all other cell means. Also, cell mean A2B1
1s significantly different from cell mean A2B2. Testing the
standard ANOVA hypotheses with the hypothetical data,
there is a significant main effect for A (p < .0005) and a
significant main effect for B (p < .0001). However, the
A X B interaction is not statistically significant (p = 0965)
The example illustrates the folly of following a policy of
examining differences between cell means only 1f the
interactions are significant. If only cell mean differences
are of interest but the researcher fails to explore them
because of a nonsignificant mteraction effect, the effects
of interest may be overlooked. If a researcher is only
mterested 1n cell mean differences, then the significance
or nonsignificance of the interaction is mrrelevant Tests of
nteractions should not be used as a device for detecting
significant differences between cell means. Insignificant
interactions can sometimes occur despite the existence of
significant cell mean differences.

CONCLUSIONS AND RECOMMENDATIONS

Based on the definition of Type I'V error as the incorrect
investigation of an interaction in the analysis of variance,
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JMR and JCR were examuned for instances of this error,
75 percent of the articles reporting a statistically signifi-
cant interaction effect in an ANOVA contained a Type IV
error The most common manifestation of Type IV error
was musinterpreting an interaction by using cell means and
cell mean differences The other common manifestation of
Type IV error was mnappropriately examining the graphical
patterns of cell means to interpret a statistically significant
interaction. Given the equations that underlie interactions,
such approaches involve comparisons of not just inter-
action effects, but (confounded) main and interaction
effects

The principal focus of this article has been on the
investigation of interactions in ANOVA designs. Investi-
gation involves not only using the appropriate statistical
tests, but also making the proper interpretations and infer-
ences. Four recommendations for correctly investigating
mteractions and thus avoiding Type IV errors are presented
below

Perhaps the most important and intuitively obvious
recommendation is that researchers first decide on the
precise hypothesis to be tested prior to any analysis The
analysis should then be tailored to appropriately test this
hypothesis For instance, researchers must decide 1n ad-
vance whether the hypothesis requires a comparison of cell
means or an analysis of interaction effects. If the test used
does not correspond to the hypothesis, researchers run the
risk of reaching erroneous conclusions regarding the hy-
pothesis. Researchers must also be aware of the impor-
tance of interpreting the results of the test 1n a manner
consistent with the hypothesis and the analysis

Second, when researchers are 1nterested in testing a
specific interaction, the hypothesis should be set up to do
so. An example of a specific interaction null hypothesis
might be that the interaction term 1 cell (1,1) 1s not
significantly different from zero. That 1s,

Hy: vy, =0.

The subsequent analysis and test should correspond to this
hypothesis. Researchers often use an ommibus F test to test
for the existence of significant interactions. However, an
omnibus F test 1s not suitable for testing this hypothesis
because 1t would test the null hypothesis that the interac-
tion terms associated with all treatment cells are simulta-
neously zero (Keppel 1991). For a given two-way ANOVA
design, the omnibus F test would test the null hypothesis
that all interaction terms are not significantly different
from zero, or

H, v,=0 for all .

According to Keppel (1991), researchers are typically
not interested in the omnibus F test because 1t 1s appropri-
ate only 1n the absence of specific hypotheses. Cohen
(1990) made a similar point; he recommended the use
of “a few highly targeted variables and hypotheses”
(p. 1305). Schoorman et al. (1991) provided empirical
support for this viewpoint They found that testing a spe-




cific hypothesis using planned contrasts resulted in more
powerful tests than the omnibus ANOVA 1nteraction test

Another relevant point here is that the lack of signifi-
cance of an interaction does not imply that there are no
statistically significant differences between any of the cell
means Failing to reject a null hypothesis of no interaction
does not obviate the need to conduct tests of complex
hypotheses based on theory.

When all main effects are zero, an interesting issue of
interaction effect definition comes to light. The term “re-
sidual effects” that is used to describe interactions by some
researchers 1s really a misnomer. In a study with zero main
effects, the interaction effects are the only relevant effects
of interest. In other studies, the interaction effects could
well be more important than the main effects. The primary
reason interaction effects are sometimes connoted as being
residual 15 that they are calculated from cell means after
main effects have been subtracted out. Researchers are
cautioned not to consider interaction effects as being sec-
ondary or “leftover” effects.

Third, there 1s nothing wrong with comparing cell
means if doing so 1s appropriate for the hypothesis being
tested. In fact, as previously noted, tests of interactions are
inappropriate when the hypotheses call for tests of cell
mean differences. Toothaker (1991, p. 120) provided an
example where the residual effects (1.e., interactions) re-
maining after the main effects had been removed were not
really meamingful. In many situations, researchers are 1n-
terested in all of the effects of the factors, mamn and
interaction, and cell mean comparisons are best suited to
study them. It 1s necessary to reiterate, however, that the
difference between two cell means is only partially com-
posed of 1nteraction effects. In many cases, a cell mean
difference may result more from a main effect than from
an interaction. Keeping this in mind, differences between
means can be examined to provide implications about the
cell means when the hypotheses demand doing so.

Finally, finding a significant interaction in an ANOVA
model and failing to investigate it further may also present
a problem. By leaving a significant interaction uninter-
preted, useful information may be lost because of the
failure to investigate the interaction.

In brief, this article has pointed out the existence of
Type 1V error and its importance. A major implication of
this article 1s that interaction effects should only be tested
where the hypotheses clearly require doing so At the same
time, differences in cell means should be tested only where
hypotheses require their evaluation. Further, the interac-
tion effect 1n the omnibus F test need not be statistically
significant to investigate hypothesized specific effects that
may be of interest. A danger in searching for statistically
significant interaction effects when other specific effects
are of interest 1s that the nonsignificance of the interaction
effect 1n an omnibus F test may dissuade the researcher
from examining the specific effects that are of real interest

Examples from the marketing/consumer behavior Iit-
erature were provided to 1llustrate the widespread preva-
lence of Type IV error. The intent in doing so was not to
be critical of any particular article or researcher but to
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illustrate the importance of following the 1dentification of
a statistically significant interaction with appropriate
analysis and interpretation As such, the mtent was to
highlight Type IV error and suggest solutions for avoiding
the error 1n the future
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